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Abstract 
 

This paper presents a novel approach to tackle the multiple sequence alignment (MSA) problem using Population-based 
optimization (PBO) in conjunction with an improved migration operator. The proposed PBO algorithm is based on genetic 
algorithms and aims to solve problems related to protein sequences. Current PBO methods have a limitation in the lack of 
population diversity, which results in slow convergence and lack of population variety. The improved migration operator used 
in this study addresses this issue by absorbing more information from various habitat types and maintains population 
variation, thus exploring new possibilities. The performance of the proposed approach has been compared to that of many 
current techniques, including VDGA, MOMSA, and GAPAM, using publicly available benchmark datasets. The results show 
that the proposed approach outperforms them all, specifically the Bali base. The comparison has been performed over more 
than two hundred iterations and demonstrates superior performance in terms of fitness function convergence. In addition, 
the proposed method uses a multidimensional search space and utilizes both exploration (diversity) and exploitation 
capabilities, helping to prevent the trap of local minima and explore the needed options. This leads to improved alignment 
and sequencing. Overall, the proposed approach demonstrates superior performance compared to existing techniques in 
most cases. The proposed PBO algorithm is a unique method that provides a new perspective on solving MSA problems, 
which can have a significant impact on the field of bioinformatics and computational biology. It has been observed the 
suggested approach competitive and outperforms the existing techniques. 

Keywords: Population-based optimization; Population-based algorithm, Population variation; Genetic algorithms. 

Received: 05 May 2022; Revised: 05 November 2022; Accepted: 07 November 2022. 

Article type: Research article. 
 

1. Introduction 

MSA is a term that refers to the alignment of more than three 

amino acid sequences or protein sequences at the same time, 

which is known as multiple sequence alignment. Molecular 

diagnostics (MSA) is the important method in the treatment of 

biological problems. With the assistance of MSA, present 

study can address a wide range of biological issues and 

challenges. Multiple sequence alignment (MSA) can aid in the 

prediction of secondary and tertiary structure in proteins by 

predicting their secondary and tertiary structure. The MSA can 

be used to reassemble phylogenetic trees, and it can also be 

used to predict the function of an unknown amino acid by 

comparing its sequence with the sequences of other amino 

acids that are known to perform specific functions. Beside 

from determining sequence similarity, MSA can also be used 

to determine similarities between functions and structures, 

which can aid in the definition. In order for a MSA to be 

considered legitimate, all of the multiple alignments must 

originate from the same place in the genome. The objective is 

to increase the amount of acid that matches the target as 

closely as possible. This has resulted in MSA being regarded 

as a crucial topic in bioinformatics for the investigation of 

genetic and phylogenetic relationships among organisms.[1,2,3] 

A variety of approaches to resolving MSA issues have been 

tried in the past, with varying degrees of success. 

It has been demonstrated that MSA is an effective method 

for a wide variety of scientific endeavors, including the 

reconstruction of phylogenetic trees, the illuminating of 

functionally relevant areas, and the prediction of higher order 

structures of proteins and Ribonucleic acid (RNA). However, 

mechanically constructing a multiple alignment from a group 

of similar sequences is a very simple task that can be done 

with little effort. A wide range of approaches to resolving this 
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computationally challenging issue are discussed in this article. 

There are several significant applications of multiple 

alignment that are explored here to shed light on the linkages. 

The application of dynamic programming (DP) can be used 

to address MSA problems and produce the best possible 

alignment outcomes. When it comes to DP, it employs a 

scoring formula that has a wide range of potential applications. 

Needleman and Wunsch were the first to propose the use of 

DP algorithms to solve when they published an article in 1970 

proposing the DP algorithms for two sequence alignment.[1-3] 

However, difficulty with using DP is that as with quantity and 

sequences increase, the complexity of the sequences increases 

in rapidly as well, which makes it difficult to maintain a 

consistent level of performance. After that, the MSA problem 

is considered to be NP-complete. This is due to the fact that 

complexity is one of the most significant constraints on the 

computer’s capacity to complete any activity. The present 

study therefore must optimize the matching sequences with a 

short period of time or with a low degree of complexity. It’s 

one of the major reasons researchers are increasingly turning 

to alternative approaches.[4-6] 

The progressive approach can also be to deal with the MSA 

problem in some cases.[7] Compared to the conventional 

approach, the progressive strategy for tackling the MSA 

problem is less time-consuming and spatially complex. 

Progressive alignment is a method of aligning sequences that 

are more similar to one another in the first alignment, and then 

increasingly more divergent sequences or groups of sequences 

are aligned in the second alignment, and so on. It is widely 

considered that CLUSTALW[8] is the default representation of 

progressive methods. As the first step in the procedure, the 

initial stage of this approach consists of assigning weights to 

each pair of sequences in a partial alignment, which serves as 

the starting point for the technique. In order to distinguish 

between sequences that are most similar to each other and 

sequences that are most distinct, they assign tiny weights to 

the sequences that are most similar. Afterwards, it creates a 

substitution matrix, which describes the difference in rank 

among two components of a protein sequence based on their 

similarity to each other in the sequence. A total of two different 

types of gaps were introduced during the third stage. The first 

type of gap penalty is referred to as residue-specific gap 

penalties, whereas the second type is referred to as locally 

residue gap penalties. In the fourth phase, those spots where a 

gap has been established at an early stage get locally reduced 

gap penalties in order to stimulate the opening of gaps at these 

locations. CLUSTALW, which is open to the public, includes 

these four stages into the design of its website. Overall, the 

progressive alignment technique beats all other methods for 

the MSA package in terms of accuracy and turnaround time. 

Although this technique has certain advantages, it also has 

some substantial drawbacks. However, the issue with this 

strategy is that it is very dependent on both the beginning 

alignment and the scoring mechanism that is being employed. 

In other words, the present study limited the alignment to 

sequences that were more similar to one another in the initial 

phase. If the present study did not align any further similar 

sequences during the initial phase, the solution may become 

entangled in local optimality, which would be undesirable. 

When dealing with numerous sequence alignment difficulties, 

an iterative method can be utilized to solve the problem more 

effectively. This is because iterative techniques do not rely on 

initial alignment since they begin with initial alignment and 

continue to improve the answers with each iteration until there 

is no more improvement to be made. In the iterative approach, 

its primary objective is to improve the overall quality of a 

series of sequence alignments. The HMMT approach is based 

on a simulated annealing process.[9-11] It is possible that the 

issue that underlies the solution of these techniques is trapped 

in a local optimal solution state. Evolutionary algorithms (EAs) 

are algorithms that are based on the population of a certain 

species or species group.[12] Creating a random starting 

population for these algorithms is the first stage in the process, 

which is completed in the first phase. As a further stage, the 

present study will apply some operators to the initial 

population in order to change it for the future generation of the 

population. It repeats the process of using these operators over 

and again until the present study reach the global optimum. 

EAs for MSA are employed in two ways: first, a random 

starting generation is created, and then the steps of an EAs are 

applied to enhance the similarity between the sequences; 

second, the steps of an EAs are used to increase the similarity 

between the sequences. There have been several works where 

evolutionary calculations for MSA[13-15] have been done. In 

addition to the techniques described above, some alternative 

genetic algorithm (GA)[16] based methods for MSA have been 

suggested, including SAGA. It is possible to utilize a genetic 

algorithm to build an approach for tackling particular 

algorithm MSA issues (GA). In SAGA, the first generation is 

generated using a random number generator (RNG). 

According to SAGA, a total of 22 distinct operators are used 

to gradually enhance the fitness of MSA over a period of time. 

The SAGA problem, on the other hand, is caused by the 

increased temporal complexity generated by the repetitive 

application of the fitness function.[17,18] RBT-GA is another 

GA-based approach that is used in conjunction with the rubber 

band technique (RBT) to discover the best protein sequence 

alignments. RBT-GA[19,20] is a GA-based method that is used 

to find the optimal protein sequence alignments. RBT is an 

iterative method for sequence alignment that starts with a DP 

table as a starting point and iterates over the sequence. In [21], 

the authors solved 56 problems from reference sets 1, 2, 3, 4, 

and 5 of the benchmark Bali base 2.0 dataset and the Bali base 

3.0 dataset. The authors used the benchmark Bali base 2.0 

dataset as a starting point for their work. As a consequence of 

a lack of variety in the solutions, evolutionary techniques have 

disadvantage are that they create local optima as a result of 

their use. 

A method known as the population based approach is an 

additional option that might be used to resolve the MSA 
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problem. The population based technique needs far less 

complexity in terms of both time and area in order to resolve 

the MSA problem. In the first step of the  alignment method, 

the sequences that are most comparable to one another are 

brought into alignment with one another. After that, you will 

increasingly align the sequences in the beginning alignment 

that are the most distinct from one another. 

Since it can handle a broad variety of common difficulties 

such as structure prediction, phylogenetic property, and so on, 

Multiple Sequence Alignment (MSA) has become the most 

significant instrument in the area of biology. MSA is still 

considered a tough topic to tackle, according to the current 

research. As a result, the present study are inspired to develop 

an improved version of PBO to address the MSA problem. 

These important contributions are made by this study, in 

contrast to the previous one. 

1. The present study provided a method for improving the 

migration operator in PBO for the first time, and then applied 

it in MSA to ensure that the solutions stay diverse.  

2. Experimental analysis produces more accurate results than 

observational analysis when timing factors are taken into 

consideration. As an additional point of reference, it provide a 

comparison table in which claim that the present methodology 

beats existing rival methods in terms of matching score.  

In this section, the present the outline of our work. As in 

first section, the present study presented the introduction with 

preliminaries requires. In Section. 2, the methodology of the 

proposal has explained. In section. 3, the result and discussion 

followed by the conclusion in section. 4. 

 

2. Methodology 

The Population Based Optimization (PBO) method have 

several ways to proceeds in this study. There is the interesting 

observation which has been made on gravitational force (GF) 

action upon the masses. The gravitational force applied upon 

the any object is directly proportional to its mass. The greater 

the mass the effect of pull on object will be greater according 

to the gravitational force (GF). The force directly proportional 

to its mass is rule based on the star and satellites revolves 

around the galaxy. The gravity is basically the attraction force; 

therefore, the present study can see in the term of this law in 

several application of data structure and algorithms. Suppose 

there is several files in any input and output (i/o) system which 

requires the sorting. The simple PBO based iteration based on 

GF is that the file which is greater in size will sort first and it 

will follow by second largest and so on. In each iteration, the 

large file will be sorted fully before making the transition 

towards the sort of file. In our PBO, the subset of population 

will be considered as sub-swarm. The whole population first 

divide into the sub groups which individually behave like 

object in the universe. 

A program known as the gravitational search 

optimization (GSO) technique mimics the motion of galaxies 

and stars inside an infinite universe. It is not conceivable to 

have a uniform distribution of stars across the universe; yet, 

they are mostly concentrated in galaxies, which are likewise 

not evenly distributed. In the GSO algorithm, above - the 

method is combined with the gravity of galaxies and stars to 

get the desired result. First, the entire population is divided 

into subpopulations, which are referred to as sub-swarms in 

this context. According to the PBO method, each individual of 

sub-swarms starts their movement by iterating a pre-

determined number of times before moving forward. Because 

of the improved fitness values, all entities within each sub-

population will be drawn to the specified one. At the 

conclusion of the iterations, the well as on each and every 

subpopulation would be presented as the best individual from 

every single subpopulation. A second step (similar to PSO) 

will be used to choose the best individuals from all sub-

populations that have been clustered together by new super 

swarms. The greatest solution provided by the PBO is also the 

highest scoring super swarm from the total starting population, 

which is another benefit of the PBO.  

An algorithm that develops populations by making use of 

the gravitational attraction that occurs between people is 

referred to as a gravitational search algorithm, which is also 

referred to by its acronym, GSA. Although it is an effective 

population-based algorithm, GSA suffers from subpar search 

performance and early convergence. The fact that the 

algorithm is based on populations is the root cause of both 

problems. As a potential remedy to these issues, the authors of 

this study suggest using a multi-layered variation of GSA that 

they refer to as ML-GSA. The structure of the GSA, which 

consists of two layers, provided as inspiration for the building 

of four levels, which included population, iteration-best, 

personal-best, and global-best layers. The structure of the GSA 

is comprised of two layers. The implementation of hierarchical 

interactions among four search layers, which are dynamically 

implemented at various stages of the search process, can 

significantly benefit a population's capacity to explore new 

territory and exploit existing resources. Hierarchical 

interactions are implemented dynamically at various stages of 

the search process. 

Following Pseudo code performs the necessary operations 

of Population Based Optimization (PBO)  

1. Initialize PBO  

2. Divide population 𝑃 in subgroup 𝑆𝐺1, 𝑆𝐺2, . 𝑆𝐺𝑛 in random 

manner as shown in Eq. (1) 

𝑆𝐺𝑖 ⊂ 𝑃: 𝑖 = 1,2, … , 𝑛               (1) 

3. Lets initialize the population with randomness as Eq. (2) 

𝑆𝐺𝑗
(𝑖)

∈ 𝑆𝐺𝑖: 𝑗 = 1,2, … , 𝑟                        (2) 

4. Let define the function 𝑓 for the population as subgroup. 

5. It define as 𝑓(𝑙𝑏(𝑖)) and 𝑓(𝑔𝑏(𝑖)) as function of local best 

subgroup and and globalbest sub group of swarm. When the 

best value of 𝑃𝑗
(𝑖)

 have significance less then 𝑔(𝑖), the scenerio 

will force all the sub swarm 𝑋𝑖 which is directly linked with 

globlel best  𝑔(𝑖) to get updated as Eq. (3) 

𝑓(𝑙𝑏(𝑖)) < 𝑓(𝑔𝑏(𝑖)).                               (3) 

6. Intilaize the state Level 1. The M represent the sub 
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popoulation which will be intilize once the veleocity and 

position has been cmputerd. It will start the PSO procedure as   

described in Eqs. (4-5).  

𝑣𝑗
(𝑖)

← 𝜔1𝑣(𝑖) + 𝑐1𝑟1 (𝑝𝑗
(𝑖)

− 𝑥𝑗
(𝑖)

) + 𝑐2𝑟2 (𝑔(𝑖) − 𝑥𝑗
(𝑖)

)      (4) 

𝑥𝑗
(𝑖)

← 𝑥𝑗
(𝑖)

+ 𝑣𝑗
(𝑖)

                               (5) 

where 𝑟1 and 𝑟2 has been the weight assigned as intilization in 

Eq. (6)  

𝜔1 = 1 −
𝑘

𝐿1+1
                                  (6) 

Our approach will itterate over 𝑘  iin the range of 0  to 𝐿1 

subject to 

𝑤ℎ𝑒𝑟𝑒 − 1 < 𝑟 < 1𝑖 as Eq. (7) 

𝑟1 =∪ (−1,1)                                 (7) 

End  PSO  

End level 1.  

7. Start Level 2.  

SSI phase initilzation as Eqs. (8-9). 

𝑌(𝑖) ∈ 𝑌: 𝑖 = 1,2, … , 𝑀  

Activate PSO.  

Parametres calculation. 

𝑣(𝑖) ← 𝜔2𝑣(𝑖) + 𝑐3𝑟3(𝑝(𝑖) − 𝑌(𝑖)) + 𝑐4𝑟4(𝑔 − 𝑌(𝑖)) (8)  

𝑌(𝑖) ← 𝑌(𝑖) + 𝑣(𝑖)                                 (9) 

end PSO.  

8. The outcome will be the fitness value 𝑓(𝑔)  and 

appropriacted position 𝑔.  
9. End GSO.  

The gravitational constant G in GSA will gradually and 

exponentially diminish over the course of time using a decay 

constant. This will occur over the period. Because this 

function does not support its own self-adaptation, including it 

in the method will lead the method to become dependent on 

yet another argument, which is something that the present 

study does not suggest doing. When the GSA is computing the 

overall force that was applied to a body, it assigns a weighting 

to each component (the force that was applied by each other 

body) based on a random integer. This allows the GSA to 

arrive at the total force that was applied. This is done to expand 

the GSA's powers of exploration, and it is being done as such 

right now. In the worst-case scenario, the metaphor that 

underlying this circumstance, the gravitational interaction, 

will be lost. This is because the situation will remain as it is. 

Even though the complexity of the algorithm has not changed, 

GSA still makes use of best agents to cut down on the amount 

of time that is spent computing. This is even though the 

amount of time spent computing has not changed. On the other 

hand, the present study makes it possible for all the masses, 

who are also referred to as agents, to have conversations with 

one another. The CSS algorithm attempts to imitate the 

electrostatic dynamics by assigning charge to the particles in 

the same way that the GSA algorithms assign mass to the 

bodies to optimize the performance of unimodal and 

multimodal functions. Therefore, the iteration will depend 

upon the number of element available in the best pool. In 

addition, the time complexity can be O(nlogk) where, k will be 

best available agent usually greater or equal to 1.  This is done 

in order to maximize the efficiency of these functions. This is 

done to ensure that the algorithm operates as effectively as 

possible. These are of the opinion that the high degree of detail 

of the charges of the particles in CSS is unnecessary, and the 

parameter and is quite big for certain functions; the calculation 

of this parameter needs a considerable bit of study to be 

conducted. 

 

Test Dataset 

In this study, the proposal has been tested against a large 

number of datasets from the Bali base benchmark database in 

order to ensure that it was effective over a broad range of 

datasets from the Bali base benchmark database. The Bali base 

version 1.0 has a total of 142 reference alignments, each of 

which contains more than 1000 sequences that were 

previously preserved inside the alignments itself. Balinese 

basic version 2.0 is an improved version of the Bali base 

version 1.0 that was first published in 2007. It is a more 

comprehensive upgrade of the Bali base version 1.0. It is 

intended to replace the Bali base version 1.0, which was first 

published in 2007. This database, which includes more than 

2100 sequences overall and is the most complete database 

accessible, has 167 reference alignments. Bali basic version 

2.0 contains 167 reference alignments. More than 2100 

sequences have been added to Bali base version 2.0, and an 

astonishing number of 167 reference alignments have been 

included, making it the most complete database accessible. 

Bali basic version 2.0 includes eight reference sets, each of 

which is detailed in more detail further down this page. Bali 

basic version 2.0 has a total of eight reference sets. Bali basic 

version 2.0 contains a lot of improvements and bug fixes over 

the previous version. In Bali basic version 2.0, there are a total 

of eight reference sets available. Each reference has a unique 

set of sequences that are not present in any other reference and 

that are exclusive to that reference alone. This is a positive 

development since reference set 1 only has a small number of 

equidistance sequences, which is a rarity in genetics.[16-18] The 

second reference set, in contrast to the first reference set, 

contains a sequence that is completely distinct from and 

unrelated to the first reference set, and it is referred to as the 

second reference set in this context. It has two sub-families 

that are diametrically opposed to one another in terms of their 

morphological and physiological features, which are 

discussed in more detail later in this section. Unlike the 

previous reference sets, reference set 4 includes sequences that 

contain both long and short terminal extension sequences, as 

well as sequences that do not have any terminal extension 

sequence at all. Several substantial internal insertions and 

deletions have been implemented, resulting in a considerable 

increase in the overall length of the text as a consequence of 

these modifications. Lastly additionally, the following sources 

provide additional test case problems, which include scenarios 

in which the sequence is repeated, and domains are reversed, as well as other test case issues: An algorithmic process or 
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algorithm is given a Bali score, which is a statistic that may be 

used to assess the overall quality of the algorithm.[6-8] There are 

two alignment sequences used: one that has been manually 

aligned (which is accessible in BALI Second Gen data set). It 

has one that has been generated by an existing method (which 

is not available in BALI Second Gen data set). The findings of 

the two alignment sequences are used to calculate Bali scores, 

which are then shown on a graph. It is possible for the Bali 

score to be any number between 0 and 1, with the greatest 

value being 1. The Bali score is determined by the current 

circumstances as the results assess the fitness of each habitat 

for turnaround time can be seen in Fig. 1. Unless the manually 

aligned file and our output file are the same size, the present 

study will not get a one-point grade on this assignment. A 

score of 0 is assigned to files that are completely distinct from 

one another, such as those that were manually aligned and 

those that were created by us. According on how close the 

BALI Second Gen data set manually aligning the files with the 

output file. There are one another, a number between 0 and 1 

is returned as a result of the comparison between the files. 

3. Result and discussion 

For showing IBBOMSA’s superiority over current multiple 

sequence alignment approaches that are based on evolutionary 

algorithms, the present study compares it to recently 

developed sequence alignment methods that are based on 

evolutionary algorithms, such as VDGA, GAPAM, and 

MOMSA. It is the purpose of this section to compare and 

contrast the performance of IBBOMSA with the performance 

of a number of other well-known aligners in the area of 

orthodontics. This article describes the C programming 

language that was used to create the programme IBBOMSA, 

as well as how the programme was ran on a computer running 

the Linux operating system.  

 

3.1 Effect of improved operator in BBO   

Researchers utilised a computer to scan through a 

multidimensional search space to create the BBO method, 

which was designed to monitor species’ movement and 

emigration across different environments. At some point, 

every situation has the potential to offer a solution to some 

 
Fig. 1 Graphical comparison of fitness values for turnaround time a. Graphical comparison of turnaround time for GAPAM, VDGA, 

BBO, MOMSA, and improved PBO count of tasks are changing, and count of virtual machines are fixed. b. Graphical comparison 

of turnaround time for GAPAM, VDGA, BBO, MOMSA, and improved PBO count of tasks are fixed, and count of virtual machines 

are changing. C. Graphical comparison of for turnaround time for GAPAM, VDGA, BBO, MOMSA, and improved PBO count of 

tasks are varied, and count of virtual machines are fixed. d. Graphical comparison of for turnaround time for GAPAM, VDGA, BBO, 

MOMSA, and improved PBO when count of tasks are fixed, and count of virtual machines are changing. 
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problem. Features of BBO migration that were previously 

present in the superb solution are added as a new feature in the 

typical BBO migration in the poor solution, while remaining 

present in the good solution. These features are important to 

notice since it is likely to be present in a significant percentage 

of possible solutions. It is possible to improve both 

exploitation skills and search space while simultaneously 

reducing the amount of search space that may be exploited. If 

a subpar solution is implemented, a better migration path and 

updated features are made available to the user. In this scenario, 

it will be the responsibility of our suggested migration 

operator to provide you with the updated capabilities. It was 

decided to use a single scaling function to guarantee that the 

exploration (diversity) and exploitation capabilities were not 

jeopardised. However, in order to maintain the above-

mentioned parameters, it is necessary to perform scaling 

operation in a suitably. The result of conventional BBO 

formula are identical when 𝐹  is equal to zero. When the 

number of options in a search space falls because of a loss in 

its variety, the ability to utilise the search space also drops 

because of this reduction in the number of possibilities.  

Increasing the number of elements in F makes the search 

space more varied and increasing the number of ways to utilise 

the results of the search improves the capacity to use the 

results of the search as well. For these two criteria to be 

maintained at the same time, it has been established that the 

factor should be 0. An investigation into the effect of the 

suggested operator on the performance of the algorithms under 

discussion resulted in the creation of a series of five 

experiments, the results of which were examined. As well as 

many other algorithms, the GAPAM, VDGA, BBO, MOMSA, 

and Improved BBO were put to the test, as did a number of 

others. The results assess the fitness of each habitat in 

accordance with the fitness function provided in this document. 

A diagram of the Fitness Function may be seen in Fig. 2. 

According to the previous section, these tests were carried out  

 
Fig. 2 Graphical comparison of fitness values for accuracy a. Graphical comparison of fitness value with respect to the number of 

eneration for GAPAM, VDGA, PBO, MOMSA, and improved PBO is shown when the task are changing, and count of virtual 

machines (computation power) are fixed. b. Graphical comparison of fitness value with respect to the number of eneration for 

GAPAM, VDGA, PBO, MOMSA, and improved PBO is shown when the tasks are fixed, and count of virtual machines (computation 

power)  are changing. C. Graphical comparison of fitness value with respect to the number of eneration for GAPAM, VDGA, PBO, 

MOMSA, and improved PBO is shown when the tasks are varied, and number of virtual machines (computation power) are fixed. d. 

Graphical comparison of fitness value with respect to the number of eneration for GAPAM, VDGA, PBO, MOMSA, and improved 

PBO is shown when the tasks are fixed, and count of virtual machines (computation power) are changing. 
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using eight Bali base datasets (four from each of the reference 

sets 1 and 2), which were obtained from the Bali base database, 

as previously stated. 

 

3.2 Experimental results and analysis 

To assess the effectiveness of IBBOMSA, it is validated with 

to state-of-the-art current techniques such as VDGA, GAPAM, 

and MOMSA, which are regarded to be the best multiple 

sequence alignment algorithms available at the time of writing. 

Our proposed methodology was compared to current methods 

using a sample dataset collected from the MOMSA, which 

was selected properly. The subset of BALI Second Gen data 

set, precisely fifty-six test set has been considered in our 

experiment. The reference one to five which accumulated the 

18, 23, 11, 3, and 2 respectively. The present study used the 

following references in their selection: Similarly, to what was 

previously stated in Section 3, the fitness function of multiple 

sequence alignment is determined. To calculate the fitness 

value of the matching multiple sequence alignment that has 

been recorded, it is required to do some calculations. 

Approximately 10 times, IBBOMSA is done, with the most 

significant findings being kept in a database. In accordance 

with Bali basis references 1, 2, 3, 4, and 5, the IBBOMSA, 

MOMSA, VDGA, and GAPAM tests were conducted as 

shown though several figures. 

 

3.3 Discussion 

Rubber Band (RB) has combines with genetic algorithm (GA) 

on a plate with many poles is analogous to biological input 

sequences. The GAs mimic biological evolution to solve 

issues. RB-GA population aligns protein sequences. The 

models alignment answers it as chromosomes to perform the 

alignment. These poles are sequence inputs and GA-based 

optimization improves chromosomes, yielding optimal MSA 

solution.[21,22] Multiple sequence alignment is NP-complete 

problem, and it is one of the tricky problem. In [22], it is 

utilising ant colony optimization optimises multiple sequence 

alignment via ant colony optimization. Genetic algorithms can 

align to avoid local optima. The artificial bee colony (ABC) is 

recommended for MSA.[23] The Bees influenced the ABC 

algorithm in such a way so that alignment can be perform 

optimally. Considering MSA's discreteness, a new ABC 

method is delivering the ABC algorithms which can beats GA 

and PSO in length and identical sequences. In [24], it has 

hybrid MSA combining PSO and variable neighbourhood 

descent (VND). The VND improves swarm leader solution 

quality and solves local optimum. Experiments on Bali-BASE 

have shown that the suggested method provides high-quality 

alignment. Bioinformatics uses multiple sequence alignment 

to achieve the highly precise and statistically significant 

multiple alignments which are challenging.[25] It identifies 

optimal affine gap alignments in multiple sequencing data. 

The technique produces non-dominated trade-off alignments 

with opposing goals: affine gap penalty reduction and 

similarity and support maximisation. First three-goal effort. 

Any sequence works. Accepts any similarity measure. 

Optimal alignments help decision-makers grasp trade-offs. 

The progressive before evolutionary has aligns affine-gap 

sequences more accurately than three methods. In study,[26] it 

solves MSA with Flower Pollination Algorithm (FPA) and 

profiles. Meta-heuristic population-based method is able for 

MSA to detects genomic primers, conserved motifs, and 

phylogeny. Profile enhances MSA quality. It has 

Benchmarking its result on seven techniques and solution 

improved group from Balibase3.0 SP and scores over MSA 

problems. Hidden Markov Models (HMMs) aid NP-complete 

sequence alignment (MSA) to achieve the optimal solution.[27] 

The PSO HMMs is for learning under MSA challenges and 

offered improves global search using evolution equations. 

Diversity-guided search improves algorithmic performance on 

two MSA benchmark datasets which are used to test. The 

Baum-Welch and other PSO algorithms misalign benchmark 

data sets. Bioinformatics predicts protein function using 

vectors contain protein sequences.[28] The Protein datasets 

have complicated characteristics which can handles high-

dimensional feature space. The GA and ACO enhance search 

simple classifiers minimise algorithm complexity. Unlike 

ACO and GA. It has enzymes are used. Compare maximum 

accuracy and lowest feature subset.  Bioinformatics aligns 

sequences provides the gaps and improve sequence 

similarity.[29] It has evolutionary method aligns DNA to 

optimizing uses differential evolutions. Opposition-based 

chromosome representation has able to provide the fitness is 

scored. Score accepted mutations. BAliBASE 1.0 and verify 

the superiority of results. Multiple Molecular sequence 

structure prediction using amino acid sequence has been 

provided in.[30,31] In silico challenges include high 

conformational space dimension and rough energy surface. 

Energy surfaces have several minima which unchanneled 

surfaces feature deep non-native minima. Decoy 

conformations help inclusive algorithms to achieve the 

conformational diversity reflects nature. 

 

4. Conclusions 

As a result of this research, the present study have developed 

an enhanced BBO approach which application is to tackle the 

MSA problem efficiently. The creation of a new migration 

operator was necessary in order to ensure that exploration and 

exploitation continued to function smoothly. However, while 

using the scaling function, it is important to use extreme 

caution. With the previous BBO algorithm as a baseline, it 

looked at the new approach to determine which one was more 

effective in terms of performance. The present study provides 

the example to demonstrates our approach and its superiority 

over the existing work. In addition, it seems competitive with 

the existing work. 

Our current method was tested against a wide variety of 

parameters with the existing datasets such as BALI second 

generation to provide the significance achievement of our 

work. The MOMSA is one of the tests which has been 
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considered for various testing were available at the time of this 

work completion. Consequently, in comparison to other 

techniques, the Bali score associated with this solution was 

employed because the Bali score was being used as their 

primary assessment tool for the quality and accuracy of the 

MSA at the time of study. Following the completion of the 

testing, it was revealed that the suggested BBO outperformed 

the competition in virtually all of the test scenarios. Even 

though the recommended BBO technique did not always offer 

the greatest solution for specific test conditions, it was 

consistently near to being the best option. According to the 

study’s results, the enhanced migration operator included in 

the suggested method, which contributes to preserving the 

variety of the search space, beat all other approaches in terms 

of performance. On the basis of the outcomes of the 

experimental investigation, it can be concluded that the 

suggested approach is capable of successfully overcoming the 

challenges associated with multiple sequence alignment 

problems. 
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