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Biological sequence alignment is a prominent and eminent task in the analysis of biological
data. This paper proposes a pair wise semi global sequence alignment technique using New
Chromosome Structure based Genetic algorithm (NCSGA) for aligning sequences by
automatically detecting optimal number of gaps and their positions to explore the optimal
score for DNA or protein sequences. The experimental results are conducted using
simulated real datasets from NCBI. The proposed method can be tested on real data sets of
nucleotide sequence pairs. The computational results show that NCSGA produces the near

optimal solutions for semi global alignment compared to other existing approaches.

1. INTRODUCTION

The most prominent task in computational molecular
biology is Sequence Alignment, in which two or more
DNA/RNA/Protein sequence residues are aligned to identify
the functional, structural and evolutionary relationships of
biological sequences. Sequence alignment is a powerful tool
in several fields such as illumination of functionally
significant regions [1], phylogenetic reconstruction [2], RNA
folding, prediction of structures of proteins and RNAs,
homology between sequences, predictions of mutations [3],
studying the properties of uncharacterized sequences and to
suggest primers for PCR. When two sequences are arranged in
a way that maximizes similarities or identities is called as pair
wise alignment. An extension of pair wise sequence alignment
is called as multiple sequence alignment in which more than
two sequences are aligned [4]. Mainly sequence alignment
solution depends on insertion of gaps [5]. There are three
variants of pair wise sequence alignment which are Global,
Local and Semi-Global sequence alignment. 1) If two
sequences are aligned over their entire length termed as Global
sequence alignment when it can be used where two sequences
are more related and their sequence length is almost similar. 2)
In local sequence alignment identifying highly conserved
subsequences when the remaining part is divergent. 3) in some
situations, one sequence is shorter than other, then it requires
aligning short sequence against subsequence of bigger one,
where trailing/leading gaps are ignored is called as Semi-
Global sequence alignment or overlap alignment. Semi global
sequence alignment algorithms are mostly used in aligning
entire reads to a tiny fraction of genome in next generation
sequencing. Applications involves sequence assembly, where
it finds sequence fragments that overlap, that is we expect to
be able to align the end of one fragment with the beginning of
another, to find sequence fragments that start and end at the
same position, used to find similarities that global alignments
wouldn’t and also used in aligning cDNA's with genomic
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DNA to identify gene structure [6]. However, semi global
alignment has less work compared with the global and local
alignments.

Dynamic Programming (DP) [7, 8] based approaches are
most widely used approaches to solve pair wise alignment
problems optimally such as Needleman-Wunch and Smith-
Waterman approaches for global, semi global as well as local
sequence alignment. Although, dynamic programming
approach aligns global and semi global sequences optimally,
but the complexity increases when many optimal paths are
available. Computation cost also increases exponentially for
aligning multiple sequences [9]. This makes the requirement
of heuristic algorithms to align sequences optimally [10].

An adaptive heuristic based iterative search optimization
technique, Genetic Algorithm (GA) is the popular
Evolutionary approach, introduced by John Holland in 1975
[11]. GA was mainly proposed for simulating the biological
evolution process, as embodiment of replication of human
genetic process. The population of abstract solution is called
as chromosome or genotype and each individual in a
chromosome is called as gene. The collection of potential
population is evolved in their multidimensional search space
to find the best solution based on their objective function. The
reasons for astounding the popularity of Genetic Algorithms
are: its simplicity because it requires a primitive mathematical
operator and its flexibility. GA’s can be suitable for both
numeric and combinatorial problems and other applications
also [12]. Therefore, Genetic Algorithms can be effectively
applied on various problems related to several fields. There
have been several reviews on recent variants of GA’s [13-15].
In past few years GA has been practiced in several exigent
fields of bioinformatics [16].

Gap is a consecutive region occurs due to mutation of
copying, insertion or replication of fragments in DNA
sequence. Gaps and their positions play major role in assigning
similarity scores to the alignment. The objective is to develop
a new method for semi global sequence alignment by adding
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or shuffling gaps automatically to maximize the similarity
score. The performance of alignment algorithm is sensitive to
number of gaps, choosing appropriate number of gaps and
their positions are very critical or complex in practice. It is
impossible to study the performance of the alignment
algorithm for all possible number of gaps. This work proposes
a new chromosome structure to determine optimal number of
gaps automatically using Genetic Algorithm (GA).

This paper presents a Semi-global pair wise sequence
alignment using Genetic algorithm with new chromosome
structure. Proposed chromosome structure is employed in GA
to solve semi global sequence alignment of sequences. The
novelty of this algorithm is the variant of genetic algorithm by
automatically choosing the number of gaps and their positions
to explore more optimal solutions and accuracy and can be
used as an optimization technique in a large complex search
space to solve Semi Global sequence alignment problem
efficiently. The simulation results show the significantly
accurate results over the compared state-of-art and competitive
algorithms.

The rest of the paper is classified as follows: Section 2
presents related work regarding sequence alignment Section 3
regarding preliminary concepts about semi global sequence
alignment, scoring functions and genetic algorithm. Section 4
introduced the proposed method. Section 5 discuss about
experimental Results and Conclusion.

2. RELATED WORK

Several techniques are presented for solving sequence
alignment problem such as dynamic programming,
progressive techniques, consistency-based approaches, and
iterative algorithms. In Dynamic Programming (DP), for a pair
wise sequence alignment it constructs two-dimensional matrix,
where each dimension represents a sequence and the matrix
can be filled according to scoring schema of matches,
mismatches and gaps. The highest score is attained by
performing backtracking on optimal diagonal path [17]. The
DP-based Needleman-Wunch is used for global sequence
alignment as well as for solving Semi-Global sequence
alignment problem by modifying the algorithm as not
penalizing starting/ending gaps [18], whereas Smith-
Waterman algorithm is used for local sequence alignment [19].
Another DP-Matrix based approach to solve semi global
sequence alignment problem is Gapmis [20] with a single gap
and GapsMis [21] modifies the standard Needleman-Wunch
algorithm to insert only specified bounded number of gaps in
the alignment. The DP technique gives biologically optimal
alignment score but practically requires more computation
time when many optimal paths are available. As well as if we
align the same sequences multiple times, static number of gaps
and the gap positions are also static. The computational cost is
also so high when more than three sequences are considered
[22]. To reduce computational complexity and to explore more
optimal solutions for this problem, several heuristic techniques
are proposed. Heuristic techniques are categorized as
progressive, consistency-based and iterative techniques.
Progressive alignment is a popular technique to deal with the
multiple sequences. In progressive based techniques [23-25],
the distance matrix was constructed first to align closest
sequence pairs and then the more distant ones are added. The
guide tree constructed based on the distance matrix. The main
drawback of this progressive method is once a sequence is

68

misaligned then that error propagates to the end of the guide
tree construction and will never be modified [26]. Other
approach is consistency-based scoring scheme depends on the
collection of libraries created to maintain the consistency score
for both global and local pair wise alignments to produce
consensus alignments. T-Coffee package [27] and DIALIGN
[28] are the commonly used consistency-based approaches.
This technique overcomes the greediness of the progressive
approach but their computations are more complex and the
usage of memory is also high.

To overcome the limitation of local optima in progressive
approaches, various researchers proposed iterative based
approaches which are applying evolutionary techniques
heuristic in nature to solve sequence alignment problem.
Iterative algorithms refine their search space through much
number of times and give the equal priority for considering the
sequences in the alignment. Othman et al. [29], Garai and
Chowdhury [26, 30] proposed a Genetic algorithm-based
approach for solving pair wise sequence alignment. Jangam
and Chakraborti [31] developed a pair wise sequence
alignment technique using the Ant Colony Optimization and
the results are further aligned by GA.

However, all of the above studies try to align whole length
sequences that is used to solve Global sequence alignment.
Recently a few works have been concentrates on Semi-Global
sequence alignment due to increase in demand for short read
alignments in next generation sequencing. In Semi global
sequence alignment finding optimal number of gaps and their
positions for optimal alignment then it became a problem of
optimization. such problems can be solved in better way using
optimization algorithms. For instance, Barton et al. proposed
a DP-Based approach for solving Semi-Global sequence
alignment problem called as Gapmis [20], an algorithm for
pair wise semi global sequence alignment with a single gap
and GapsMis [21] which is suitable for aligning sequences
with bounded number of gaps and it also produces optimal
results for aligning short reads to reference sequence only.
GPUGapsMis [32] is the parallel implementation of GapsMis.
To the best of our knowledge this is the first effort of applying
evolutionary based GA on Semi-Global Sequence alignment
problem. This paper proposed a new chromosome structure-
oriented population Genetic Algorithm to efficiently align
sequences semi-Globally by automatically choosing
appropriate number of gaps and the positions of gaps in the
alignment.

3. PROBLEM DESCRIPTION:
SEQUENCE ALIGNMENT

SEMI GLOBAL

Alignments between x= CAGCACTTGGATTCTCGG and y = CAGCGTGG

CAGCACTTGGATTCTCGG
cAaGe_ ___G__T____Gg@

CAGCACTTCGATITCICGG
__CACCGTCO

(a)Global Alignment (b) Semi-Global Aliznment

Figure 1. The alignments of Global and Semi-Global
sequence alignment between the sequences x and y

Sequence alignment is a pervasive operation to map
characters between DNA/RNA/Protein in a way of preserving
order. It is mainly used to identify high similarity regions
between sequences. The variant of global sequence alignment
is used to find the potential overlap detection of entire short



sequence within longer sequence is called as Semi-Global pair
wise sequence alignment, where it doesn’t penalize the gaps at
the beginning or ending of either of the sequences which is
depicted in Figure 1.

For a given finite alphabet set ) consists of 4 nucleotides
{A,T,G,C} for DNA and 20 amino acids for protein sequences
and a Strings of S1 and S2 is a sequence of characters over ..
m and n represent the length of sequences with n<wm. For I1<i
<j < m, the sub sequence of S1 denoted by ki ki+1... k.
Matching similar regions by aligning one sequence to another
sequence through insertion of special gap character as _*. S1'
and S2' can be obtained from S1 and S2 sequences through the
insertion of gap symbols i.e. S1, S2 & U {-}. [ is the length of
the alignment, min(S1,S2) <1 < 1.20*min(S1,52) in which
beginning and ending gaps are not used to score in their
objective function. Both of the aligned sequences may not
contain gap characters with in the same i position.
Computational approaches employing scoring functions to
measure the similarity of sequences with the aim to maximize
number of matches and minimize the number of gaps in the
alignment. Score of two sequences u and v represented as Z(u,v)
and the main objective is to find max(Z(ki,j,S2)), where
1<i<j<m.

3.1 Genetic algorithm

GA is a metaheuristic, widely used optimization algorithm
for solving hard and combinatorial problems in engineering
and it is one of the most popular EA techniques, due to its good
performance and easy to implement. A GA is a population
based evolutionary algorithm where it produces randomly
generated individuals called as chromosomes composed of
genes and are represented as candidate solutions for the
specified target problem. In general, better solutions evolve
through several generations until a near optimal solution is
reached. In the evolutionary process, every solution is
estimated by fitness function of the specific target problem at
each generation. The fitness function of target problem
measures the goodness of each individual solution with respect
to their objective requirements. During each generation some
parent individuals (those usually having maximum fitness
value) are selected based on their probabilistic approach,
biased by fitness function. The genetic operators such as
crossover and mutation operators are applied onto selected
parent individuals to produce off springs, which inherit the
features of parent individuals. The remaining solutions those
having less fitness are discarded. On average, it is expected
that, the fitness of the population will not decrease in every
consecutive generation. This evolutionary process is repeated
until a near optimal solution is obtained or some stopping
criterion is reached such as the maximum number of
generations and iterations.

4. PROPOSED METHOD: SEMI-GLOBAL SEQUENCE

ALIGNMENT USING NEW CHROMOSOME
STRUCTURE BASED- GENETIC ALGORITHM
(NCSGA)

This paper proposed a new chromosome structure-based
population genetic algorithm for semi global sequence
alignment. The Genetic algorithm expresses the solution space
as a collection of genotypes. In this paper, the genetic
algorithm is designed to optimize the arrangement of residues
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and optimally choosing the number of gaps inserted into
sequences. The structure of a new chromosome is encoded to
optimize the number of gaps as one of the gene in the
chromosome. The proposed algorithm is depicted in Figure 2
and the flow chart is described in Figure 3.

Algorithm: Semi Global Sequence Alignment using NCSGA

. Read a pair of sequences (DNA/Protein) of length m and n m<m)
. Construct chromosomes of the following NCSGA structure
Generate number of gaps G, and randomly optimize the mumber of gaps between the scale factor 0 0 1.10
Randomly selects the possible alignment positions & ranges from 1 to maxdlgh(sl)ights2))-mindghisI) ighs2)+1
lgh(s1) Iglis2) are the length of sequence 5 and 52 respectively
. Randomly generate inifial population pop; for all j belongs to {1....N}
6. Evaluate the initial fitness of each chromosome in the population popj for all j {1.. N} using sum_of pair score
objective function
7. Until max_gen reached
8. repeat
a. A pair of individuals Px and Py in the population popj is selected based on their fitness score using Rank
‘based selection m ethod
b. Perform one-point cross over between selected individuals Px and Py and mutate the individuals to
generate next generation population
c. Align the sequence shorter one on the longer one in the chrom osome by using k', by randomly selacting
the position of the large sequence from 1 to max(igh(sl)Igh{s2)}-min{lgh(s1).1gh(s2))1 which is dso
encoded in the chromosome as one of the gene
d. Evaluate the fitness of each individual by Similarity Score objective function.
9. recordthe best sum_of pair score.

e b

Figure 2. Proposed NCSGA algorithm

{ Read a pair of DNA/Protein sequences ]

¥

Generate random number of gaps and gap positions J
{ Initialize Population using new chromosome structure J

[ Evaluate the fitness of population ]

v

[ Select individuals using rank-based approach

i—‘—i

[ Apply Mutation Operator ]
Evaluate newly generated population

¥

Merge and sort the popul J

{ Apply one point crossover ]

Figure 3. Flowchart of NCSGA algorithm
4.1 Semi global alignment with GA

The main objective of the proposed method is to
automatically optimize the number of gaps to align short
sequence as a pattern to large sequence in semi global
sequence alignment. The sequence alignment can be done
optimally in two ways either with or without inserting gaps in
the alignment. Gaps may be inserted in the process of
alignment dynamically and sometimes they are not present
[26]. In the proposed method gaps are randomly selected
between scale factor 1% to 1.10% [33]. The insertion of the
gap may be at the end of the alignment or within the sequence
depends on the chromosome structure. But the gaps at both
ends are not penalized in semi-global sequence alignment. But
introducing optimal number of gaps is an important problem
at the time of aligning sequences. Applying Genetic algorithm
new chromosome structure to store the number of gaps as one
of its gene and the index position of substring as another gene
effectively optimizes the number of gaps and also the possible
alignment position in the larger sequence.

The performance of algorithm is sensitive to number of gaps
choosing appropriate number of gaps is very critical or
complex in practice. it is impossible to study the performance



of the algorithm for all possible number of gaps. This work
proposes a new chromosome structure to determine optimal
number of gaps automatically using Genetic Algorithm (GA).

4.2 Proposed chromosome structure

Chromosome structure representation is necessary to
describe each candidate population in GA. The representation
describes the problem in a structured way using GA and it also
regulates the genetic operators. Chromosome is collection
elements of real numbers within the specified domain of
values. The real-coded GA representation is more efficient for
utilization of CPU time than binary GA representation [34].

The structure of proposed new chromosome is shown in
Figure 4. Consider SI(x1,x2,....xk...xm), S2(yl,y2,
are two sequences of length m and n, where m>0, n>0 and
n<m. k is the starting index of subsequence of length n in S1
that is aligned with S2. The chromosome in GA is composed
of four genotypes. The first gene stores Gn represents the
number of gaps to be inserted in sequences are automatically
and optimally chosen ranges from ‘0’ to ‘1.10*n’. The second
gene stores the value of k which is the possible alignment
positions ranges from 1 to m-n+1. Third and fourth gene stores
the index positions of gaps in sequence S1 and S2 which is
equal to 2*Gn. The length of new chromosome is (2+2Gn) that
depends on number of gaps. Where 0<k<(m-n+1) and
0<gn<1.10*n. Gpl & Gp2 are vectors of size Gn , which stores
the positions of gaps in sequences S1 and S2 respectively.

G K | p 0] e m‘qzl an

Optimal
number
of gaps

Possible alignment
position in sequence of
length ‘m’

‘Gpt” Gap positions in sequence | ‘Ggy’ Gap Positions in sequence
sy 5y°

Figure 4. New chromosome structure composed of four
Genes

4.2.1 Initialization of population

In the initialization process, ‘N’ number of candidate
solutions are generated randomly, but it is necessary to meet
the restrictions in this population and that there is enough
diversity between genes for the optimal convergence of GA.
Each individual solution P; is called as chromosome. The
randomly initialized chromosomes can be seen in below
Figure 5 and Figure 6. Initially each chromosome is
formulated as Gn allowed number of gaps in both the
sequences can be chosen dynamically in each iteration and £,
which stores the starting index of subsequence of S/ and
ranges from [/ to m-n+I, The remaining genes in the
chromosome represents the positions of gaps in both the
sequences. The initialization of chromosome outlined below.

Step 1:  fori=I ton do

Step 2:  for each chromosome, Set the initial gene as
number of gaps ‘Gn’ and would be randomly
chosen in the range of 0 to 1.10*n

Step 3:  second gene ‘k’ as starting index of substring in
sequence ‘S1’ ranges from 1 to ‘m-n+1’ can also be
chosen randomly

Step4:  Third and fourth genes are randomly initialized
vectors of storing the index positions of gaps in
sequence ‘S1° and ‘S2’

Step 5:  obtain the chromosome of having four genes with

different sizes.
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The above steps are followed to construct each chromosome
and also repeated » times to generate initial population pop;.
The gap positions are chosen between length of short sequence
that is n. For chromosome representation let us examine two
sequences S/ and S2 of length 24 and 20. Initially the
chromosome is formed as k& which is randomly chosen as 3,
gaps to be inserted are automatically chosen as 2, and the
positions of gaps chosen within the length of short sequence.
The total length of chromosome is (2+2* Gy) as (2+2*2)=6.

3 8
K

16 4 9

2 | |
Gn Gpl GnZ

Figure 5. One of the randomly initialized chromosome P,

1 4 7 2
Gn K Gpl GTDZ

Figure 6. Another randomly initialized chromosome P>

4.2.2 Objective function

The encoded genes in each chromosome can be applied to
pair of sequences for scoring the alignment. Gaps are
introduced in the sequences based on the elements stored in
chromosomes. The alignment length after introducing gaps are
n+G, in both of the sequences. After transformation of
chromosome, the population can be represented by residues of
two sequences and their gaps as a whole can be given as input
to scoring function called as similarity score. Similarity Score,
Column Score are the functions used to evaluate the fitness of
semi global Sequence alignment.

Similarity Score.

The quality of pair wise sequence alignment can be assessed
by similarity scores (SS), which determines the proportion of
similarly aligned residue pairs in the alignment and can be
formulated as in Eq. (1) and (2).

l

ss =Yl score(p; q;) (1)
score(pyq;) =
a ifp;i = qi(match Score)
B if (pi #q)N @i V&g #'—") (2)
Y (mismatch Score)
if iV qi="=")N(pi&Ag #"—")(gap cost)

where, / is the length of alignment, p and ¢ are the two
sequences used for test cases. Character position within the
sequence is represented by i. a, £ and y are assigned to match
score, mismatch score and gap score respectively. Numerical
scores a and S are estimated by using substitution matrices
such as NUC44, BLOSUM62 and PAM250 are the most
popular matrices used for nucleotide, protein sequences
respectively. where vy is the value assigned by the user as gap
cost. Instead of using linear gap penalty, here we use to
penalize the gaps using affine-gap penalty function in which
initial gaps are penalized more than the extended gaps as in Eq.
3).
gap COSt(]/) = 9QPopen + 9aPextend -1 3)
Column Score.
It requires less complex computation to give the score for
the fraction of identically aligned positions and can be



formulated as in Eq. (4) and Eq. (5).

CS = Yioam(pi,a:) ®)
where,
CN_(Lif(pi=q)
m(pyq;) = {0 otherwise ©

4.2.3 Genetic operators

As in Genetic Algorithm three operators such as selection,
crossover and mutation operators are used.

Selection operator.

After calculating the fitness score of each chromosome in
the population, selecting chromosomes as parents for
reproduction in the current generation is very important
because it improves the quality of populations in successive
generations. There are two types of selection schemes known
as proportionate scheme and ordinal based scheme [35].
Proportionate scheme selects the chromosomes based on their
fitness values relative to the fitness of other chromosomes in
the population whereas ordinal based scheme selects
chromosomes based on the ranks given within the population.
We implemented one of the proportionate selection schemes
in each selection is Roulette Wheel selection where the
chromosomes having best alignment similarity scores have
been selected as parents for reproduction.

Cross-over.

Cross over is an essential operator for generating new off
springs in the next generations. Many techniques are there to
perform the crossover operation such as single point, multi
point, gene-by-gene crossover [36]. We selected the gene-by-
gene crossover operator and adapted to the application due to
its specific constraints imposed on the chromosome structure.
The steps involved in the crossover operation are shown as
follows.

Step 1. Randomly selects two individuals as parent, and
parent, to produce offspring solutions. Each
chromosome having equal number of genes in
their encoding structure.

With the cross over probability of 0.5 decides the
fragments of the genes are exchanged or stays as
resides.

a. If len(parent, = parent;) then the fragments of
genes are directly exchanged in both the parents.
b. If len(parent, # parent;) then a contraction or
expansion process must be followed to generate
children to meet the complex constraints
specified in the problem and to produce the
feasible solutions. In expansion process, the
number of gaps in each sequence can be padded
randomly and must be matched with the second
gene of the chromosome. In contraction process,
the fragments are gene are removed when excess
number of gaps can be found.

Step 2.

Mutation.

To explore the search space, mutation operator is
implemented on chromosomes [37]. By changing the gap
position in the alignment of the chromosome for yielding a
better off spring with the mutation rate as 0.001. During the
mutation the number of gaps can be altered in the chromosome
but the total number of residues in the population should be
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equal to the length of shorter sequence. The positions of the
gaps in the selected chromosome are chosen randomly based
on the mutation rate and perform alteration of gap positions
gene by gene. This mutation process is applied for the
individuals until the elite population is reached.

5. EXPERIMENTAL RESULTS

The main purpose of this algorithm is to optimally finding
number of gaps in the alignment in order to maximize the
Similarity score. To highlight the suitability of this technique,
the results are compared with the Emboss-needle which
implements Needleman wunch algorithm to align sequences
semi globally, Gap-mis is a tool to align sequences with a
single gap and another tool Gaps-mis which allows bounded
number of gaps in the alignment iteratively.

The following parameters chosen to perform this
experiment. The population size used in NCSGA pop;=200
and the number of generations maxg..=50 is used to get the
optimal similarity score for semi global sequence alignment.
In the Similarity score nuc44 is the substitution matrix is used
and for scoring the gaps, Gapopen=10 and Gapexiend=0.5.

In order to evaluate the performance of the proposed
algorithm, we collected the datasets from NCBI database [38].
From the database, Arabidopsis Thaliana (AT) Chromosomel
and Burkholderia Glumae (BG) genomic data were selected.
We randomly select sequences from the specified genomes
and further process the sequences by introducing the bases into
the reference sequences to produce synthetic data, yet it is
taken from the real data. It is more realistic than the randomly
generated data. The performance analysis on the randomly
generated data from real sequences is good because the
algorithm treats the data as equal [21].

For our experiments, we simulated real sequences that is
produced from the above specified genomic data as
{50,100,200,250} bp as reference sequences. By inserting
mismatches and gaps into these sequences produces query
sequences of more length. The query sequences can be aligned
back to reference sequences. From those we measure the
performance of semi globally aligned sequence pairs in the set.

The similarity scores of different algorithms can be
formulated as in Table 1. We collected 20 pairs of sequences
of each query length sequences. That is, we perform
experiments on 20 pairs of each 50,100,200,250,300 and
400bp length sequences.

From Table 1, we observed that if we simulate the real
sequences by inserting mismatches and gaps in the sequences
then NCSGA performs well by inserting appropriate gaps in
the alignment automatically. Gapmis and Gapsmis allows a
static number of gaps in the alignment. An Emboss- needle
algorithm produces a single alignment solution and the score.
The best score was obtained by NCSGA for all the sequence
pairs compared to Gapmis. NCSGA performs equally well
compared to Emboss-needle and Gapsmis and also produces
many optimal alignments solutions due to the gap dynamic gap
positions in the sequences.

We tabulated the results of synthetic data of different pairs
of different lengths in Table 2. From Table 2, we observed that,
NCSGA performed better results in these 10 sequence pairs
compared to other specified algorithms. It is notable that, if the
lengths of the sequences are different and those are much
divergent to each other, NCSGA gives more optimal
alignments and best semi global alignment similarity scores.



Table 1. Average similarity scores of semi globally aligned DNA sequences using NCSGA, Emboss-Needle, Gapmis, Gapsmis

Algorithms
Species Length of Query sequence[bp] Emboss-needle Gapmis Gapsmis NCSGA
50 250 250 240 250
AT 100 491 491 481 491
200 991 991 981 991
250 1250 1250 1240 1250
50 250 250 240 250
100 500 500 490 500
BG 200 991 991 981 991
250 1250 1250 1240 1250
300 1500 1490 1481 1490
400 1500 1500 1490 1500

Table 2. Similarity scores of DNA sequences with NCSGA
and compared algorithms

S.No.  Seq no. Gapmis  Gapsmis GA  NCSGA
1 pairl -154 -126 -15 2
2 pair2 -13 -21 8 18
3 pair3 -4 -5 -10 5
4 pair4 -16 -23 11 19
5 pair5 -45 -36 2 5
6 pair6 221 -12 4 15
7 pair7 -7 -7 6 14
8 pair8 -58 -22 -44 -35
9 pair9 -12 -10 5 18
10 pairl0 -30 -22 7 15

® Emboss-noedle  @Gapmis @ Gapsmus 8 NCGA

1600

1400

1200

& 1000

E o
|
8

00

400

200

0

=0 100 200 250 300 400

Sequence Length

Figure 7. Comparative results of similarity scores for emboss
needle, Gapmis, Gapsmis, NCSGA techniques

WCipmi  WCapsmis WCGA WNCSGA
1

seq_pairl  seq_pair]  seq paird seq_paird seq pairS seq pairf seq_psir] seq psir seq paird seq_pairld
Sequence pairs

Figure 8. Comparative results of average similarity scores
for Gapmis, Gapsmis, GA, NCSGA methods comparative

Figure 7 depicts the performance comparison of emboss-
needle, Gapmis, Gapsmis and NCSGA. From the Figure 7 it is
further noted that the NCSGA Algorithm Performs equally
with the other algorithms by exploring more optimal solutions
with better accuracy. Figure 8 also depicts the performance of
NCSGA over other comparative algorithms in terms of
similarity scores. In Figure 8 we noticed that, If the sequences
are more divergent to each other, then also the proposed
NCSGA yielded optimally best similarity scores for the
sequence pairs.

6. CONCLUSIONS

In this paper, we focused on aligning sequences semi
globally by a new chromosome structure based Genetic
algorithm (NCSGA). Evolutionary algorithms are proved to be
most successful algorithms in many domains including
sequence alignment. Number of gaps is a priori in all those
methods which impacts algorithm accuracy. But in practice it
is very difficult to automatically predict the number of gaps in
the alignment. The novel structure of chromosome encoding
in GA automatically optimizes the number of gaps and their
positions of gaps in the alignment, as well as the position of
longer sequence to be align with the shorter one. Experimental
results have shown that NCSGA achieved best accuracy in
divergent sequences as compared to existing algorithms for
semi global sequence alignment. The included parameters in
the new chromosome structure enhances more search space for
leading optimal semi global alignments. Though it is proved
as the best among the said algorithms, it requires more
computational time for lengthy sequences instead accuracy is
given a high priority. The work can be further enhanced for
multiple sequences.
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