Manish Kumar / International Journal of Pharma Sciences and Research (IJPSR)

Alignment of Multiple DNA Sequences by
Using Improved GA Operators
Manish Kumar*1
1

Department of Computer Science and Engineering, Indian School of Mines,
Dhanbad, Jharkhand, INDIA.
E-mail:- manishism8@gmail.com,
M- +91 9608783395

ABSTRACT
One of the most fundamental operations in biological sequence analysis is multiple sequence alignment (MSA).
It is a critical tool for biologists to identify the relationships between species and also possibly predict the
structure and functionality of biological sequences. The general multiple sequence alignment problem is known
to be NP-hard, and hence the problem of finding the best possible multiple sequence alignment is intractable.
Therefore, a genetic algorithm based approach has been designed to solve the multiple DNA sequence
alignment problem by using different genetic operators. Experimental results with different lengths of DNA
sequences has been detailed in this paper . It has also shown that how the increase in length will affect the
overall quality of the alignment. The extensive experiment on wide range of datasets and the obtained results
has shown the effectiveness of the proposed approach in solving multiple DNA sequences.
KEYWORDS: Multiple Sequence Alignment, Genetic Algorithms (GAs), DNA Sequences.
INTRODUCTION
The main components of the biochemical processes of life are proteins and nucleic acids. There are two types of
nucleic acids, deoxyribonucleic acid (DNA) and ribonucleic acid (RNA). DNA sequences are long biomolecular
strands composed of four types of nucleotide bases: adenine (A), guanine (G), cytosine (C), and thymine (T).
DNA actually occurs as a double strand of such bases. The stands are held together by hydrogen bonds between
complementary bases: A-T and G-C. DNA sequences, which consist of hundreds of millions of nucleotides,
define the genome of a particular species. Recent advances in bioinformatics have generated volumes of genome
data for biomedical research. For example, many immunity genes in the fruit fly genome have nucleotide
sequences that are reminiscent of TCGGGGATTTCC[1]. Multiple Sequence Alignments (MSAs) have become
highly scrutinized and a fundamental approach in several research domains in molecular biology and
bioinformatics such as studies of epidemiology and virulence,[2] drug design,[3] reconstruction of phylogenetic
tree, prediction of 3D structure, identifying conserved regions[4-6] and finding molecular function[7-9]. Dozens
of algorithms have been developed as a part of an attempt to improve the accuracy of alignments, but still there
is not a single MSA method that may generate accurate alignments for all types of test cases[10].
Multiple sequences alignment involves more than two biological sequences, generally protein, DNA, or RNA.
Multiple sequence alignment is computationally difficult and is classified as a NP-Hard problem [11]–[13].
Clustal W is a widely used multiple sequence alignment algorithms for DNA or proteins and implements a
progressive method for multiple sequence alignment. It calculates the best match for the selected sequences, and
lines them up so that the identities, similarities and differences can be seen [14].
Manually refined repositories of MSAs such as BAliBASE,[15] PREFAB,[16] and SABmark[17] are good
sources of accurate alignments to gauge performance of various MSA programs, but they have a number of
disadvantages such as due to the small size they do not cover the full range of scenarios of protein evolution and
due to the uncertain positional homology assessing accuracy of the alignments becomes difficult [18].
It is found that GA is quite suitable for strategy for aligning multiple DNA sequences[19]. The genetic
algorithms process starts with an initial population composed of random chromosomes, which form the first
generation. Crossover is used to combine genes from the existing chromosomes and create new ones. Then, the
best chromosomes are selected to form the next generation. This selection is based on a fitness function which
assigns a fitness value to every chromosome. The ones with the best fitness value “survive” to give offspring for
the new generation, and the process is repeated until satisfactory solutions evolve.
There are various challenges discovered in the part of genetic algorithm. The first challenge of a genetic
algorithm is to determine how the individuals of the population will be encoded and to generate an initial
population with some degree of randomness. Literature review [20,21,22] suggests that each individual in the
population should be one multiple alignment of all the given sequences, but the way that they came up with the
initial population varies. In [21,22,23] the sequence length is increased by a certain percentage and randomly
inserted gaps or buffers of gaps into the sequences were considered.
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In this study, an approach for aligning multiple DNA sequences has been presented by visualizing the effect of
genetic operators. It has been shown that how the length of DNA sequences effect the accuracy of the alignment
in longer runs. As the length of DNA sequences increase the alignment quality improves but the success
percentage drops down.
The rest of the paper is organised as follow. Next section describes about the materials and methods used for the
experiment. Followed by the proposed algorithms section and the experimental section where the results are
discussed, The last section summarizes the findings and come to conclusion.
MATERIALS AND METHODS
Initial Generation
In this study, first the size of the largest sequence is determined for initializing the DNA sequences. Based on
this size, all other sequences are made equivalent to the largest one by inserting gap at different locations of the
sequences. It has been taken care that not more than 20% of the gap should be inserted to any of the sequences,
as more gap will attract more gap penalty while finding the fitness function and will not give best or accurate
alignments in terms of quality. After the population’s initialization, the solutions are combined and mutated,
producing new individuals through a defined number of generations.
Fitness Evaluation
Commonly used measure for evaluating the accuracy of MSA programs is to compute SPS and CS . By
counting aligned residue pairs SPS can be calculated. It determines MSA tools ability to align some, if not all, of
the sequences in an alignment. Let us consider an alignment of N sequences comprise M columns. The cth
column can be assigned as Ac1, Ac2,…., AcN. For each pair of residues Acj and Ack, it is defined Scjk such that Scjk =
1, if Acj and Ack are in the same column of reference alignment. The score for cth column (Sc) can be defined as
follows.
S
Sc = ∑ ∑
For full alignment the sum of pair score can be computed as:
SPS = ∑

/∑

denotes number of columns and
represents the score of the cth column in reference alignment.
The ability to align all the columns of a given sequences by a MSA tool is determined by column score . It is
calculated by dividing the total number of matched columns between test and reference alignments with the total
number of “considered” columns in the test alignment. Here, for the experimental analysis it is considered that,
= 1 if a column of a (test) alignment matches with the column of reference alignment otherwise it is zero.
CS = ∑
/
Selection Strategies Description
The selection methods used in this research is here under :
Sorting of individuals is done in the mating pool according to their fitness and then every two best individuals
are selected for crossover.
Child Generation
To generate a child population of 10 individuals in any generation, two genetic operators namely Crossover and
Mutation are used, which are described below in details.
Crossover
An overview of the proposed crossover operator used in the experimental study is described hereunder.

Fig 1. Proposed Crossover operator
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Mutation Operation
A mutation operator is defined and applied for the proposed approach with GA. Mutation operator randomly
flips some of the bits in a chromosome. For example, the string 00000100 might be mutated in its second
position to yield 01000100. Mutation can occur at each bit position in a string with some probability, usually
very small (e.g., 0.001).
Example of mutation operator used in this study.
Here, A is replaced with G and C with T and vice versa. For example,
the parent:
G|CTAAT|A
produces an offspring
G |T A G G A | A
Here ‘ |’ indicates the mutating point.
Termination condition
The algorithm is made to be terminated after fixed number of generation or after reaching desire fitness value.
PROPOSED GENETIC ALGORITHM
The basic steps of the proposed algorithm are summarized as follows.
Algorithm
Step I. Calculate the length of each sequence in the alignment and generate the initial alignment of n sequences
by inserting the required number of gaps at required positions.
Step II. Evaluate the fitness f(x) of each chromosome that corresponds to the respective sequence alignment.
Step III. Select and save the chromosome with highest fitness value in the current population and perform
operations on the remaining chromosomes.
Step IV. Apply crossover and mutation within each populations.
Step V: With a crossover probability (0.8%) crossover the parents to form new offspring (children). If no
crossover was performed, offspring is the exact copy of parents.
Step VI. Find the mutation point based on the specified optimal rate for all the selected sequences.
Step VII. Perform mutation (0.2%). Calculate overall alignment fitness value of alignment.
Step VIII. If fitness value of old population is higher, discard changes done in mutation.
Step IX. Save the best chromosome in the alignment and stop after desire number of generations.
RESULTS AND DISCUSSIONS
Discussion
Different genetic operators has been used for implementing four sequences that initially generates ten
chromosomes .The genetic operator explained in previous section were then applied on these 10 chromosomes
an iteration and it was observed that the overall fitness score for next generation (population) of chromosomes
was better than the previous one. Success rate calculated in terms of % is quite significant and the proposed
scheme can be used to generate good multiple alignments.
Table 1. Experimental Parameters

No. of Sequences
Size of Population
Crossover Rate
Mutation Rate
Scoring Matrix
Gap Penalty

4
10
0.8
0.2
PAM250
-3

Implementation
In this section the multiple sequence alignment problems has been solved by Genetic Algorithm using DNA
sequences of different lengths. Experiment is performed with the help of selection, crossover and mutation
operators with defined number of generations, in order to produce new solution with improved fitness values.
The extensive experiments were performed on the proposed algorithm by using C programming on an Intel Core
2 Duo processor with T9400 chipset, 2.53 GHz CPU and 2 GB RAM running on the platform Microsoft
Windows Vista.
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Table 2. Comparative study of fitness values in terms of Percentage

No. of
Sequences

Population
Size

Fitness
Score after. 1st
Gen.

Fitness
Score after 2nd
Gen.

4
8
10
12
16
18

10
12
14
16
20
22

- 494
- 459
- 556
- 566
- 589
- 623

- 437
- 440
- 523
- 550
- 577
- 607

Fitness
Score after
3rd
Gen.
- 401
- 416
- 489
- 509
- 553
- 591

Success
Rate in terms
of fitness
22%
11.5%
12%
11.5%
9%
8%

Success rate comparison between different length of DNA sequences
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Fig 2. Bar graph comparison of success rate between DNA sequences of different lengths.

The main objective of the research work is to use the proposed operators for solving MSA problem of DNA
sequences. Experiment has been performed on six different DNA sequences of different lengths by using the
defined operators to solve MSA problem and the result in terms of fitness values has been compared
accordingly. Table 2 shows a comparative study of fitness values with changing generation, sequence number
and population size.
In the above table, the comparison is made between three generations but, it can be seen that as the generation
number increases the fitness values increases accordingly. So, if the generation number is kept at higher side a
much more improved fitness value can be expected with a greater rise in success rate in terms of percentage.
Here, one more thing which must be taken into consideration from Table 2 is that as the number of sequences
increases the success rate decreases. So, when increasing or changing the sequences number or the population
size or any other parameter such as the generation number the nature of success rate must be taken into
consideration.
CONCLUSION
In this work, a new approach for genetic operators has been applied for solving MSA problem of DNA
sequences. This paper presents an improved approach for the MSA problem by applying standard GA with
improved genetic operators. The experimental result shows that the proposed method gives a better scope for
multiple sequences alignment, as the results of each alignment tends to improve, which is being shown by the
increasing fitness value with increase in number of iterations. But, it can be seen that when the sequences
number and the population size increases the success rate of fitness decreases accordingly. Considering this fact
as an important issue, the future research work will focus on improving the fitness success rate in accordance
with the increase in sequence number and population size so, that the proposed method can be used for
sequences of larger length.
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