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Abstract

Multiple Sequence Alignment (MSA) is a critical step in molecular biology.
Different techniques are having been proposed for obtaining optimal align-
ments, still, there is a need of developing accurate and efficient techniques
for optimal sequence alignment. One of the efficient techniques among
the swarm optimization families is Brain Storm Optimization Technique
based on human social behavior has achieved success in numerous applica-
tions. However, population divergence plays a major role in obtaining better
solutions for optimization problems. Therefore, high diverged populations
obtain optimal results. The multiple sequences alignment is an efficient
optimization for dataset analysis but hidden samples do not get tracked
by MSA. Therefore DBSO_MSA model requirement is there to crossover
limitations of the above model. This paper proposed a dynamic clustered
and populated Brain Storm Optimization Algorithm for obtaining more
optimal alignment solutions for the Multiple Sequence Alignment problem
(DBSO-MSA). The dynamic nature with respect to the number of clusters
and population generation at every iteration is incorporated into BSO. The
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number of solutions and cluster size at each iteration is controlled by the
probability variable either it increases or decreases the solution space to
explore more diversification in obtaining alignments for the MSA problem.
The experiments show DBSO-MSA effectively improves the alignment score
on the benchmark sequence datasets compared to the Classical BSO and other
evolutionary algorithms.

Keywords: Multiple sequence alignment, brainstorm optimization algo-
rithm, dynamic population, dynamic cluster size.

1 Introduction

Bioinformatics is the most active area of research in the field of computational
biology. Sequence alignment is one of the core prerequisites in the area of
bioinformatics which guides to identification of one most conserved and sim-
ilar regions by considering the alignment of two or more DNA/RNA/protein
sequences [1]. Alignment of two sequences is termed as pairwise alignment
whereas aligning more than sequences is a Multiple Sequence Alignment
(MSA) problem. Aligning multiple sequences be a challenging task while
considering the variations caused by mutations in the sequences [2]. So MSA
belongs to the NP-complete problem [3]. The aligned sequences can appli-
cable in many areas such as constructing phylogenetic evolutionary based
trees, predicting protein structure and homology between newly discovered
and existing family of sequences [4], foretelling protein mutations [5] and so
on. From few decades, various techniques are applied to solve MSA problem,
even though it remains as unsolved problem [6].

Local and global MSA are the two forms of MSA. Local alignment
prefers block wise search and randomized alignment blocks in the sequences,
whereas global alignment attempts to align sequences over their whole
length. A wide range of techniques have been developed to perform MSA,
an accurate and exact method is dynamic programming (DP) is a math-
ematical & probabilistic method which simplifies the complex problem
by breaking it into simpler and smaller components repeatedly. The most
frequently used DP technique for global alignment is Needleman-Wunch
algorithm [7], Smith-Waterman technique [8] is for local alignment. These
traditional algorithms are best suited to align two sequences, when it came to
align more than two sequences with O(Ln) time complexity. To overcome the
constraints of the progressing technique, an iterative process has been used
to align sequences ideally by maximizing the score, which is a suggested
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alternate strategy. In an iterative method, solutions are modified across many
iterations until they hit a stopping condition or can no longer be improved
in terms of their objective function. Many algorithms have been created
using an iterative process. One of the iterative approach techniques for align-
ing numerous sequences ideally is evolution or nature inspired approaches.
Computational annealing, Evolutionary algorithms, Dynamical Evolution,
and swarm intelligence are the most common inhabitants strategies utilized
for MSA.

Literature Survey

In this section a brief discussion of DBSO and MSA related technologies
are analyzed through latest published papers. Most of earlier technologies
are unable to estimate iterative operation in MSA therefore an advanced

technology is required.

S No Author Technique Key Point
1 J. Pei, [2008] Using Iterative These Servers like Expresso and
refinement and PROMALS3D have simplified these
consistency procedures and made it easier to generate
scoring high-quality alignments.
technique
2 M. Kayed Using NestMSA  MSA is defined, a new MSA technique
et al. [2020] technology named “NestMSA” is proposed, and it is
evaluated in two domains: the extraction of
web data and the removal of various URLs
with identical content (DUST). The PSO
optimization method is a model for the
proposed approach. I
3 L. Wangetal.  Adapting To begin, both problems are proven to be
[1994] Multiple MAX SNP-hard and NP-complete,
Sequence respectively. The degree of difficulty in
Alignment aligning a tree with a certain phylogeny is
models also taken into account.
4 J. C. Gelly Utilizing Sequence alignment and superimposed 3D
etal. [2011] “IPBA” structures using PyMol and Jmol are
technique provided as outputs. There is also an

incorporated option for local alignment to
find subs-structural similarities. We think the
scientific community would benefit much
from it since it is a quick and efficient
sequence-based’ structural comparison tool.
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S No Author Technique Key Point
5 S. Hicks et al. Using both Despite the fact that algorithms may produce
[2011] functionality various predictions of variations even if they
algorithm and are given the same alignment, they do not
sequence always perform better if they use their own.
alignment Consequently, researchers should think
techniques about improving the method and the
employed alignment of the sequences used in the
missense prediction.
6 D. A. Using Multiple One or two of these requirements are
Morrison Sequence implemented in current computer
[2018] Alignment programmes, but none of them are
technique implemented in all of them. All the evidence
for sequence homology has to be evaluated,
combined, and the best hypothesis for
homology should be generated by a software
programme. An inference issue, rather than
an optimization problem, is at play here.
7 S.B. A general Every cell in the array representing similar
Needleman method is amino acids is given a number value, one in
[1970] employed this example. It is the total of the cell values
of all pathways that yields the greatest
match.
8 T. F. Smith Using molecular  In order to locate a pair of segments that are
etal. [1981] sequence the most comparable to each other, you must
analysis models  look at two lengthy sequences (homology).
The similarity metric employed here allows
for arbitrary deletions and insertions of
length.
9 D.-F. Feng Using These sequences were subjected to multiple
et al. [1987] Progressive alignments and phylogenetic tree
sequence construction, and the results were compared
alignment to those obtained using more traditional
technique pairwise methods. A number of times, the
progressive technique resulted in trees that
looked to be more in line with biological
predictions than trees that were created by
more conventional methods.
10 R. Chenna Using the Formats such as NEXUS and FASTA output
et al. [2003] Cluster series of  have been added as well as the ability to
programs print range values and do quicker tree
technique calculations. Despite the fact that Cluster

was initially designed to function on a local
server.
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- =MALSRR--HMA--ASALLL-L-V-LLY-ATETGTTTTKY-AEARDCLSQSFKF
-=MALSRR--MT--ASALLL-F---LLV-ATEMGTTTVKY- AEARNCLSQSHNF
- =MALSRR- -MA- - ASALLM-L-V-LLY-ATEMGTPTHKA- AEARDCLSQSHKF
- -MAFSRR- -VA--ASALLL-L-LVYLLY-ATEMG- -TTKV- AEARHCLSQSHRF
- =MAFSRR--VA--ASALLL-L-LVLLY-ATEMG- -TTKV- AEARHCLSQSHRF
- =MALSRR--VA--ASALLL-L-LVYLLY-ATEMG--TTKV- AEARHCLSQSHRF
- =-MAPSRR- -HV- - ASAFLL-L-A-ILV-ATEMG--TTKV- AEARHCLSQSHRF
- -MAPSRR- -MA- - APVLVL-HM-L-LLV-ATELG--TTKV- AEARHCLSQSHRF
- -MAPSRR- -MA--APVLVL-L-L-LLV-ATELG--TTKV- AEARHCLSQSHRF
- =MALSRR- -MA- - APVLVL-L-L-LLY-ATELG--TTKV- AEARHCLSQSHRF
- =MALSRR- -MA- - APYLVL-HM-L-LLV-ATELG--TTKV- AEARHCLSQSHRF
- -MALSRR- -MA- - APVLVL-HM-L-LLY-ATELG--TTKV- AEARHCLSQSHRF

Figure 1 Multiple sequence alignment.

In practice, it faces high dimensional problems with the increased number
of sequences in MSA also increases computation time and space exponen-
tially. Therefore, heuristic MSA approaches are progressive and iterative
techniques used to approximate the optimality of MSA instead of exact
approach. Feng and Doolittle [9] developed a widely used progressive align-
ment algorithm. Progressive technique aligns sequences progressively, that is
adding sequences towards the alignment one through one using DP algorithm
iteratively. After all, constructing phylogenetic tree to depict the sequence
associations. Once a sequence is aligned in early stages that cannot be undone
in later phase due to its greedy nature. The misalignments carry forwards to
the later stages. The techniques which follows progressive nature are clustal
family (X, W, V) [10], MAFFT [11], Kalign [12] and so on.

To defeat the limitations raised in progressive approach, a recommended
alternative approach is iterative mechanism has been adopted to align
sequences optimally by maximizing the score. In iterative approach the
solutions are refined through many iterations either it reaches a stopping
criterion or until further improvements cannot be made with respect to their
objective function. Many algorithms have been developed using iterative
approach. Evolutionary or nature inspired methods are one of the iterative
approach algorithms to align multiple sequences optimally. Most popula-
tion based techniques used for MSA are simulated annealing [13], Genetic
algorithm [14], Differential Evolutionary [15], swarm intelligence [16].

One of the socially inspired behavior of humans and recently developed
powerful warm intelligence algorithm is Brain Storm Optimization (BSO)
algorithm [17]. To deal with the complex issues which are not solved by
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individual effort, the human brainstorming sessions were conducted, where
new ideas are emulated by the current ideas with a horde of people gathered
together to find the solution with their conversations and debates shown in
Figure 1. Due to its enhanced search space and simplicity suitable for solving
many real world engineering applications [18]. In BSO, each solution or
individual is regarded as a potential issue solution. A possible solution. Every
iteration, all individual ideas are grouped by clustering process and the best
solution act as a center of the corresponding group. After all each idea is
replaced by the best fitted individual which is generated from the exchange
of ideas from one or two selected clusters. Regardless of BSO performance,
balancing between exploration and exploitation is a challenging task. Many
other versions of the BSO algorithm have been presented to improve its effi-
cacy and performance. To improve their exploratory search and exploitation
capacity, the versions ADMBSO [19], An MBSO for addressing restricted
optimization problems [20], and [21-23] are employed. However, BSO can-
not maintain diverse population to solve many problems. To enhance the
performance with the population diversity of BSO and to evade the local
optima situation in solving MSA problem efficiently and optimally introduces
a new mechanism of dynamic nature with respect to generating individuals
and the clustering process. The DBSO algorithm is an intelligent technique
to provide information from MSA input. The following input is process to
intelligence steps and providing simple solution to complex MSA.

Proposed Dynamic Brain Storm Optimization algorithm (DBSO)
presents a strategy of finding optimal sequence alignment by employing
dynamic adjustment nature in BSO algorithm. In order to evade local optima
situation in producing candidate solutions for MSA problem, dynamically
varying the clusters and population size at each iteration is developed in
DBSO. In DBSO, an integer encoding solution is used. Due to its integer
encoding of candidate solutions as gaps also reduces the computational
complexity and the length of the ideas. For evaluating the efficacy of proposed
algorithm, experiments were conducted on benchmark dataset and compared
with the results obtained from GA and BSO [24] techniques on MSA.

The following are the categories for the research paper: Section 2 may
be used to describe the MSA issue. The third section introduces the BSO
method. The suggested Dynamic BSO for solving MSA, as well as solution
encoding and associated fitness scoring function, are described in depth in
Section 4. The results of the proposed DBSO algorithm are presented in
Section 5 compared with the existing techniques. Finally, Section 6 provides
the findings and potential directions for improvement.
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2 MSA Scheme

Multiple Sequence Alignment (MSA) is a technique to arrange multiple
sequences to anticipate and highlight similarities, evaluate the function and
organisation of sequence families and is also an essential stage for many
developed biological forecasts. The alignment of a pair of sequences is a
pair of wise alignment, whereas numerous sequences align more than two
sequences. The length and quantity of sequences depend on the alignment
of various sequences. Given a set of n sequences S = {s1,82,...,S,} over
an alphabet )  where length of each sequence defined on {l,la,....1,}
respectively. A new alphabet is introduced Y = > U{—} where ‘—‘is a
gap character made of either insertion or deletion in biological sequences.
> composed of 4 characters in DNA, or in case of proteins it’s a collection
of 20-characters. For the given sequences finding out the aligned sequences
S = {s1,82,...,sn} by fulfilling the constraints of , all sequences possesses
the same length, removing gaps in Inserting gaps in S’ should be equal to S,
and no column in the alignment entirely made up of gaps.

3 Original BSO

BSO gains more popularity in solving engineering and scientific applica-
tions due to the philosophy of human brain storming. In BSO model is
a population-based technique, where an idea from individual human brain
taken as a solution to critical problem. All the ideas generated from the group
of people are gathered and can follows the procedure at each iteration. The
procedure involved in BSO follows.

3.1 Idea Generation

Initially N randomly generated solutions or individual ideas to solve the
problem in a search space. The fitness of N solutions is calculated through
their objective function.

3.2 Clustering

Next step is to disrupt N solutions as randomly selected C clusters based on
their individual fitness and C is lesser than N. The clustering operation refine
the search space and the best fitted solution can be recorded as a center of
corresponding cluster group. Replacing of cluster center can be done through
the chosen random replaceable probability of pr_replace. The replacement of
the cluster centre with a random notion is regulated by pr replace.
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3.3 Selection of Individuals for Mutation

To maintain the diversity in population, BSO generates new ideas either
selection of one idea or two ideas from one or two clusters respectively. The
selection of individuals from the cluster or clusters depends on the probability
variable prone. Choosing of centers from clusters or individuals from clusters
are according to the selection probabilities of prone center or orthocenter. The
ideas are selected as specified in Equation (1).

X; one cluster
Xsel = (1)
rand x Xj; 4+ (1 —rand) x Xj2  two clusters
Xnewidea = Xsel + 5 : N(O, 1) (2)
& = logsig((0.6 * maxitr — curtitr)/k) - rand (0, 2) 3)

3.4 New Individual Generation

After selecting ideas from the selected clusters or clusters, additional ideas
are produced using Equation (2). X, cwidea and Xgel are the newly developed
and chosen ideas from the clusters correspondingly. N(0,1) is the Gaussian
circulation value with the mean O and the variance is 1. and § a is step
length, adding weights to the Gaussian spreading function computed using
Equation (3). Maxitr is the maximum amount of iterations provided by the
user, and curtitr is the present quantity of iterations in the algorithm. logsig()
is the sigmod function used. The slope adjustment can be done through k.
The random value lies in between 0 and 1 and selected randomly. When the
fitness of novel knowledge is greater than the current idea then the current
idea is replaced by new idea. This updating procedure is done for all ideas
in the iteration. At each iteration for all the individual ideas the procedure
is repeated from (c) to (d). The entire process is repeated until maximum
iterations reached or the optimal solution can be found.

3.5 DBSO MSA

In this section, we discuss about DBSO which solves MSA problem effi-
ciently by exploring more search space solutions by its population diversity
technique. Inspired by the adaptive and dynamic population size mechanisms
proposed in different nature inspired algorithm [22, 25, 26] the proposed
Dynamic Brain Storm Optimization algorithm (DBSO) has been designed
to solve MSA. In DBSO the population diversity can be enhanced by
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automatically incrementing and decrementing the population size based on a
probability variable that effects the number of clusters for obtaining optimal
alignment solutions. The population growth cost can be ranged using a
randomly distributed value between [—0.3,0.3] which can scale down and
enlarging the size of the population. The dynamic cluster size also varies with
the newly generated population size with the new factor rate r as [0, 0.2].

3.6 Individual Representation

Each Brain Storm Optimization algorithm population is named an idea and
provides a potential alignment explanation for the specific MSA problem.
Initially consider, n sequences as input and determine their lengths. Choose
the maximum length sequence as a reference sequence for global alignment.
For a given set of n classifications S = {s1, s2, ..., sn}, and the length of the
sequences are li = {l,ls,...1;} i = {1,2,...n} for n sequences. The matrix can
be defined as collection of sequences; whose rows represent categorizations
of specified length is represented in A.

S11 S12 ... 81

A= S21 S22 ... S12

Snl Spn2 ...  Spl
S/11 e S/12 e S/j
ALG = 8/21 “e S/22 PN S/j
S/nl e S/ng e S/j

Where ALG defined by taking gap character in addition to the
dna/rna/protein sequences from the alphabet ) . i.e. > U{—}. Determining
the gaps in each sequence needs to calculate largest sequence length, and
adding more number of gaps up to 15% of the original largest sequence
length. All the sequences in ALG have the same length j=rand(max(li),
max(li)*15%) and varied. The matrix ALG should not contain a single row
or column of having all characters as gaps. Another constraint added in order
to obtain the solution is maximizing the match score and the number of gaps
should be minimized in the alignment solution set. Initially generate N ideas
as encoding solutions consists of gap incidence locations in the sequences.
number of gaps in each sequence depends on their length and varies and can
be shown in Equation (4). After the gaps are incorporated into sequences the
total aligned length is same for the sequences.

(rand((max(l;) — 1), (max(l;) + [15% * max(1;) — 1,]))) 4
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3.7 Scoring Objective Function

In iterative based algorithms the selection of objective functions are the
primary measures for validating solutions. Various scoring schemes are
available to evaluate the alignments in MSA problem. The preferred scoring
objective functions are Similarity score (SS) [27], Sum of Pair score (SOP),
Column Score (COS), Weighted Sum-of-Pairs Score (WSP) [28]. The aligned
sequences in the proposed DBSO are evaluated by considering SOP scoring
function in account. The purpose is to exploit the SOP fitness determination
of produced solutions at each iteration. SOP score can be formed as the test
alignment composed of n number of sequences and | columns as the length
of the sequences, the ith column in the aligned solution is termed as {Sji,
Si2. .. Sin}. For each pair Sjj, S residues with the specified condition Pjy.
The score for the ith column is expressed as Si in Equation (5). Where n
considers quantity of classifications in the alignment process, 1 and Ir are the
lengths of columns in the arrangement and orientation alignment respectively.

1 ly
SOP=Y"Si / Y S )
i=1 i=1

4 Proposed Methodology

The proposed DBSO algorithm performance can be enhanced by dynamically
changing the population size in the search space, giving chance to explore and
to evade the situation of arising local optima. The dynamic population size
is a feasible solution to improve the quality of solutions with respect to their
fitness value. The steps followed are: initially generate N solutions encoded as
gap occurrence positions in each sequence as a matrix. The potential aligned
solutions are assessed as maximizing functions via the sum-of-pairs (sop)
objective function. The population can be sorted according to the highest
fitness value and disrupt all the individuals as nc number of clusters. Make
the best one as cluster center. The selection of cluster centers or individual
populations for generating new population entirely depends on the selec-
tion probabilities. Replace the old person with the new person depending
on fitness. For all the population the above said procedure is repeated in
that iteration. The task of choosing appropriate dynamic population size
in-between the [—0.3,0.3] depends over a pre specified random decision
variable 7. Introducing randomness into the proposed algorithm gives more
optimal score than the original BSO. The size of dynamic population can
be estimated through the following equation specified in (6). The dynamic
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population size can be adding current population size to the increase or
diminish the relative growth rate parameter according to the selected value
of 7 within the [—0.3, 0.3]

Npew = round(N + 7 % N) (6)

If (Npew > N) that is the new population size is more than the current
one, then elitism is used to preserve the current ideas and the remaining
ideas (Npew — N) are generated randomly to make the required number
of population in the coming generation. In the other case where the new
population size is lower than the current population size, the best fitted
individuals will be promoted into the next generation and the worst fitted
individuals will be culled from the next generation. the elitism and culling
will not be included where the condition (N,ew = N) occurs. Cluster size
will also be affected with the new population size and re clustering has been
taken place to exchange more ideas which also explores more divergence
for exploitation purpose. The proposed DBSO algorithm is discussed and as
shown.

The Algorithm 1 is explaining about DBSO modeling for MSA, in this
at input stage parameters are to be initializing. The population and event
evolutions are used to get completed information about MSA sing loop and
whiles concept data had been individually dividing.

5 Experiment Results

This section describes the experiments conducted on the sequence alignment
benchmark dataset OXBench [29] to evaluate the optimal alignment per-
formance and investigation of the parameter modifications in the proposed
algorithm DBSO. The optimality can be shown by aligning randomly chosen
sequences from the benchmark dataset using proposed algorithm over other
evolutionary algorithms such as Genetic Algorithm (GA) and Brain Storm
Optimization (BSO) algorithm. Initially the values pertaining to the specified
parameters yields optimal alignment score are shown in Table 1. The GA
and BSO algorithms are most prominent to estimating gap length and Max
scores of MSA. The positions and sequences are generating scores according
to scores getting MSA allignment.

The above Figure 2 and Table 1 is clearly explains about DBSO-MSA
initial parameters in this many functionalities like number of ideas, number
of iterations and clusters to be taken are explained. The following elements
are getting analyzed by proposed algorithm and find out the easy step for
analysis.
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Algorithm 1 DBSO Algorithm for efficiently solving MSA

1:  Take the sequences as input
/* initialize the parameters™*/
2:  N=populationsize,nc=cluster size, maxIt= max_imum number of iterations
3:  Randomly initialize candidate solutions encoded as gap occurence positions
4:  while (itr<=maxlIt) do
S: Fittness<—Eval_sop(); /* evaluate solutions with sum of pair score objective function*/
6
7
8

Disrupting solutions as nc clusters

if (rand(0,1) < pr_replace)
: Random selection cluster with new idea
9: end if

10: for (i=1 to N) do

11: if (ran(0,1)<pr_one)

12: arbitrarily select one collection between nc bands

13: if (rand(0,1);pr_focus point)

14: Select cluster center

15: Ynew =generate_idea using Equation (1)

16: else

17: Select one idea from the chosen cluster

18: Ynew=generate_idea using Equation (1)

19: end if

20: else

21: Randomly select 2 collections between nc bands

22: if (ran (0,2)<pr_2 nodes)

23: Select two cluster centers

24: Y new=generate_idea using Equation (1)

25: else

26: Select two ideas from the chosen two clusters

27: Ynew =generate_idea using Equation (1)

28: end if

29: end if

30: evaluate fitness, retain better idea

31: end for

32: if (rand(0,1)<dpr

33: Npew =round(N + 7*N))

34: if (Npew >N)

35: ncnew=round(nc+r*nc)

36: Propagate all present entities into the following group through elitism & generate residual

ideas (Nnew-N) through randomization

37: else

38: ncnew=round(nc-r*nc)

39: Carry forward only best current individuals and culling lowest scored ideas
else

40: Nnew =N

41: NCpew =NC

42: end if

43: end if

44: itr=itr+1
45: end while
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Table 1 Initial parameters for DBSO-MSA algorithm

S.no. Parameters Values
1 Number of ideas (N) 2000
2 Number of iterations (maxit) 10

3 Number of clusters (nc) 5

Initial Parameters for DBSO-MSA

values

number of ideas(N) Number of iterations(maxit) M number of clusters(nc)

Figure 2 Initial parameters for DBSO-MSA.

From the observe results in Table 2, it illustrated that the proposed DBSO
algorithm is significantly performs well over GA and BSO. On the other case,
BSO and DBSO performs equally well in yielding optimal score for three
sequence sets such as __54, __71 and __108. In one case only BSO obtains
more score than DBSO. The best optimal alignment results for algorithms
can be shown in bold. It shows the efficiency of the proposed algorithm with
respect to the Equation (4) with increasing and decreasing population size as
well as choosing cluster size dynamically during evolution.

The comparison of average sop scores of DBSO and various algorithms
are illustrated in Figures 1 and 2. It shows that the average sop scores
for DBSO algorithm for alignment score has better performance than the
comparative algorithms of GA and BSO. The DBSO-MSA algorithm has the
ability to produce more optimal alignment score compared to GA and BSO
due to its dynamic parameter adjustment in each iteration and evades the local
optima situation. Figure 3 show the overall performance efficiency of DBSO,
GA and BSO algorithms. It also indicates that the DBSO outperforms both
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Table 2 SoP score for DBSO with MSA
SLN Sequences Sequence No GA-MSA BSO-MSA DBSO-MSA

1 3 _54 33 52 52
2 3 _-60 34 44 52
3 3 11 23 47 47
4 6 _85 191 312 324
5 5 __144 175 362 374
6 7 _4 320 357 385
7 6 _62 85 116 124
8 4 _76 121 178 186
9 3 _-89 42 85 102
10 4 94 95 125 136
11 3 _96 56 89 75
12 6 __108 115 132 132
13 3 112 85 101 110
14 3 412 128 156 165
15 7 82 154 235 241
SOP SCORE

B GA-MSA EBSO-MSA mDBSO-MSA

357

241

362) 165|
136 b 235

3200 16| m O 1328, =
= 85 L2 95 1150 55 250>
108__112 _4T2 _8T2

__144 _ 4 __ 62 __76 __89 __94 __96 __

Figure 3 Performance comparison of SoP score DBSO-MSA earlier models.

GA and BSO algorithms for obtaining alignment score. The DBSO achieves
0.8% improvement over BSO whereas over GA, DBSO achieves 22.2% more
with respect to sop score alignment.

The above Figure 3 is clearly explains about average sop score alignment
results for DBSO-MSA along with GA and BSO algorithms. In this proposed
model, DBSO providing accurate analysis and giving optimal alignment
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SoP with DBSO-MSA

450
400
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2|
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SEFRAAREERED 1}
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H No.of Sequences M Sequence number B GA-MSA EBSO-MSA  mDBSO-MSA

v O u O u O
o © o o©

Figure 4 Comparative results of sop score for DBSO-MSA along with GA and BSO
Algorithms.

0.7

0.5
0.4
2

0.3
0.z
0.1

o

ca BsO

pBSO
Algorithms

Figure 5 Performance of proposed DBSO with GA and BSO algorithms.

score. According to DBSO scores, classification of MSA had been done,
moreover targets are equivalent the residues and proteins. The following
reason can improves the 22.2% accuracy score.

Figure 4 is clearly explaining about sop score for DBSO-MSA along with
GA and BSO Algorithms. In this proposed model attains more improvement
compared earlier models.

The above Figure 5 is clearly explains about Average optimal score
with various algorithms like GA, BSO and DBSO algorithms. In this DBSO
algorithm is more improved at avg optimal score compared to GA and BSO.
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Conclusions

This proposed work suggested Dynamic Brain Storm Optimization (DBSO)
algorithm inspired by the social behavior of human ideas. The ideas are used
as solutions to our Multiple sequence alignment problem and also guarantee
in obtaining maximum optimal score in alignment. Dynamic nature in culti-
vated into the population and optimal number of clusters also improves the
solution space by exploring more ideas and clustering improves the exploita-
tion by exchanging ideas at each iteration. Both are reducing the chances
for getting into local optima then evades premature convergence. Moreover,
the most optimal score is obtained through proposed DBSO algorithm for
MSA compared to the other GA and BSO algorithms. We concluded as,
due to the simplistic and dynamic nature of DBSO algorithm gives efficient
results for solving MSA problem. In future we will concentrate on solving
MSA optimally by examining multiple objectives for the lengthy sequences.
The Scoring = P[S2 S1] + p [S4, S5] + p[S6 S4] =1 4+t + t =2t can
providing optimal score with better performance with DBSO.
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