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Abstract
Sequence Alignment problem is modelled as an
optimization problem that optimize the gap positions.
Differential Evolution is a simple, efficient evolutionary
algorithm which require less number of algorithmic control
parameters compared to other evolutionary algorithms.
Thepaper proposed a variant to the Differential Evolution
by
defining
a
novel
mutation
operator
DE/current-to-best-worst/1.
The proposed mutation
operator is used to find new offsprings using best and
worst candidates solutions.The performance of the
proposed method is evaluated by conducting experiments
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with several prefabref4 benchmark datasets and results are
compared with the existing mutation operators. It is also
compared with so many existing sequence alignment tools
like CLUSTALW, DIALIGN-TX v1.0.2, FSA v1.14.5, FSA
with -maxsn, KALIGN v2.03, MAFFT v6.603 using
EINSI, MUMMALS, MUSCLE v4.0, PROBCONS v1.12
and PROBALIGN v1.0 with the help of prefabref4
benchmark data sets. The results of the experiments
revealed the supremacy of the new mutant.
Keywords:Sequence Alignment, Mutation Operator,
Differential Evolution, Sequence Alignment Tools,
Benchmark data sets.
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INTRODUCTION

In the field of Bio-informatics Sequence Alignment plays a vital
role. It is the concept of aligning DNA sequences or protein
sequences. Optimal alignment of two sequences maximizes the
number of identical of similar bases by introducing gaps [1].
Pairwise sequence alignment maximizes similarities or identities
between two sequences and multiple sequence alignment(MSA)
maximizes similarities or identities among three or more
sequences[2, 3]. Pairwise sequence alignment aligns the two
sequences considering a match, mismatch or a gap. Gaps are used
to specify indels (insertions and deletions) in a sequence alignment
by aligning them in two parallel rows.Asimple scoring process is
used to calculate the fitness for DNA sequences having nucleotide
bases i.e., a simple identification scheme. A simple identification
scheme is used to find the fitness where the match=+2,
mismatch=-1 and gap=-2. Point Accepted Mutation (PAM) [4] is
the substitution matrices used to find similarity score in protein
sequence alignment.Blocked Substitution Matrix (BLOSUM) [5] is
also used to find similarity score. In sequence alignment there are
three major categories like global, local and semi global. During
the process of global alignment the entire length of each sequence
is considered. Local sequence alignment considers portions of
sequences with high similarity score. Semi global alignment finds
the best possible alignment which includes the start and end of
one or the other sequence[6].
2
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For pairwise sequence alignment Dynamic programming (DP)
is used where a matrix is created with two axes representing two
sequences. DP aligns all possible pairs in a systematic way based
on matches, mismatches and gaps. By using back tracking [7, 8]
the optimal alignment is determined by calculating the score. In
1970 Needleman-wunschhave proposed an algorithm for global
alignment [9]. Commonsub sequences can be identified using local
alignment as proposed by Smith-waterman [10].
The two
algorithms cannot be used when the length of the sequence is very
high because computational complexity is high [11, 12]. To reduce
the computational complexity metaheuristics were developed.
BLAST[13] and FASTA[14] are heuristic algorithms. Major types
of metaheuristic methods for MSA are progressive methods,
iterative methods and consistency based methods [15, 16].
ClustalW[17, 18] is the most familiar progressive alignment
algorithm used for MSA. It uses a distance matrix to construct
guide tree and gets the alignment. Another iterative alignment
algorithm is MUSCLE[19] which solves the problem of alignment.
One more alignment technique T-Coffee[20] avoids the greedy
nature present in progressive alignment. In this technique initial
alignment is taken from ClustalW and Lalign[21] alignments.
Differential evolution (DE) [22] is the recent successful heuristic
real coded parameter optimization method. DE is a simple, efficient
evolutionary algorithm which require less number of algorithmic
control parameters compared to other evolutionary algorithms. DE
provides prominent results in a wide variety of applications.
A new mutation operator is proposed for DE and named as
Improved DE (IDE). The performance of IDE is evaluated using
various benchmark data sets for sequence alignment. Basically
there are 5 mutants in DE. Among the 5 mutants performance
wise DE/best/1 was proved as best. It was observed that
performance improvement ofIDE over DE/best/1 is observed with
respect to time. IDE is taking less time than DE/best/1. In view
of fitness IDE is working slightly better than DE/best/1.The
efficacy of the IDE is compared with CLUSTALW, DIALIGN-TX
v1.0.2, FSA v1.14.5, FSA with -maxsn, KALIGN v2.03, MAFFT
v6.603 using EINSI, MUMMALS, MUSCLE v4.0, PROBCONS
v1.12 andPROBALIGN v1.0 with the help of prefab4ref. i.e., the
pair-wise reference pairs in PREFAB v4 benchmark data sets and
3
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this proposed mutant outperformed all the above said methods.
This paper is consisting of 4 sections. Section 1 is introduction.
Section 2 is explains the new mutant IDE. Experimental results
are discussed in section3 and section 4 contains conclusions and
future enhancements.

2

NEW MUTANT IDE

Differential evolution (DE) [22] is very efficient evolutionary
algorithm for solving many real-world applications.
It is a
population-based optimisation method developed by Storn and
Price in 1996. In evolutionary computation, DE solves a real
world application by iteratively trying to develop candidate
solutions. These methods are normally named as metaheuristics
as they create few or no assumptions about the problem being
optimized and can search very large spaces of candidate solutions.

2.1

Differential Evolutionary Algorithm

The Pseudo-code for Differential Evolutionary algorithm with
Binomial Crossover is as shown below.
1: Control parameters of DE like scale factor F, crossover rate Cr,
and the population size NPare taken as input.
2: The generation number ’g’ is taken as ’0’ and initialize a
population of NP individuals randomly.
P G = X1,g , ..., XN P,g with Xi,g = [x1,i,g , x2,i,g , x3,i,g , ....., xD,i,g ] and
each individual uniformly distributed in the range [Xmin, Xmax],
where
Xmin
=
{x1,min , x2,min , ..., xD,min }
and
Xmax = {x1,max , x2,max , ..., xD,max } with i = [1, 2, ...., N P ].
3. until the stopping criterion is not reached
repeat the following steps
3.1 Compute a donor vector Si,g = s1,i,g , .......,
sD,i,g corresponding to the ith target vector Xi,gvia the differential
mutation scheme of DE as
Si,g = Xr1,g + F (Xr2,g Xr3,g ).
3.2 Compute a trial vector Ti,g = {t1,i,g , ......., tD,i,g } for the ith
target vector Xi,g through binomial crossover in the following way:
tj,i,g = sj,i,g , if (randi,j [0, 1] ≤ Crorj = jrand )xj, i, g, else,
3.3 Compute the trial vector Ti,g IF f (Ti,g ) ≤ f (Xi,g ), THEN
4
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Xi,g+1 = Ti,g
ELSE Xi,g+1 = Xi,g .

Existing mutation operators for DE are shown here.

Where

are randomly chosen integers, and .

Where ’F’ is a scaling factor that takes a random value in
between 0 and 1. In all these mutants“DE/rand/1”is proved as
best with respect to time and “DE/best/1” was proved as best
with respect to performance. Now this paper proposes a new
mutation
variant
“DE/current-to-best-worst/1”
(IDE)by
considering best and worst candidate solutions of current
population. This mutant IDE is found as slightly better than
“DE/best/1” in view of performance and it is found better than
“DE/best/1” in view of execution time.

2.2

New
mutant
”DE/
current-to-best-worst/1” for Improved DE

Improved Differential Evolution is equipped with new mutant
“DE/ current-to-best-worst /1” (IDE).
Si,g = Xbest,g + p(Xworst,g − Xi,g )
Xbest,g is best fit chromosome, Xworst,g is worst fit chromosome, p
is a random number in between 0 and 1.
5
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2.3

Special Issue

Genome Representation

The Genome is a vector that represents position of the gaps in the
resultant alignment. The gap locations of all the sequences are
collectively known as single genome. The genome for the given
two sequences is as shown in Fig1. Fig2 is a snapshot for
population.
Input Sequences:
>MEVKKTSWTEEEDRILYQAHKRLGNRWAEIAKLLPGRTDNAIKNHWNSTMRRKV
>PRGSALSDTERAQLDVMKLLNVSLHEMSRKISRSRHCIRVYLKDPVSYGTS
Genome Representation for the chosen example :

Gap positions in the resultant alignment is figured out as in fig
2.

2.4

Objective Function

The objective function is used to find quality of the candidate
solution.
The candidate solution with maximum score is
considered as best solution. In this work “Total Column Score”
(TC-Score) is used as objective function.

2.5

Stopping Criteria

The algorithm is repeated for maximum number of generations and
outputs the best solution.
6
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3

EXPERIMENTAL RESULTS AND
DISCUSSIONS

The efficacy of the new mutant IDE is evaluated by considering
prefab4refbench mark data sets. Each dataset contains two
variable length sequences.
The performance of the IDE is
compared with all the mutants of DE and some predefined tools
CLUSTALW, DIALIGN-TX v1.0.2, FSA v1.14.5, FSA
withmaxs-option, KALIGN v2.03, MAFFT v6.603 using EINSI,
MUMMALS, MUSCLE v4.0,
PROBCONS v1.12 and
PROBALIGN v1.0 demonstrated in the form of Tableas shown
below.

3.1

Performance of IDE with respect to time

The performance of the IDE is proved as better than “DE/best/1”
with respect to time is demonstrated with table and graph.
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Figure 1: Performance comparison of IDE with other DE mutants
and tools
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Figure 2: Performance comparison of IDE with other DE mutants
and tools
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4

CONCLUSION
&
ENHANCEMENTS

Special Issue

FUTURE

This paper addressed a new IDE which is DE with mutant
“DE/current-to-best-worst/1”. The performance of evolutionary
algorithms depend upon crossover and mutation strategies. This
paper aimed to suggest a new mutant for improved efficacy of DE
for sequential alignment problem. The efficacy of the operator is
studied in terms of total column score (TC-Score) and compared
with 5 other DE mutant variants and with another 10 well known
sequential alignment methods. The experimental results shows
the efficiency of the proposed IDE compared to all other mutants
& sequential algorithms.
The work can be extended to MSA problem to discover the
previously unknown evolutionary relationships among sequences
and to predict the functional & structural similarity of proteins.
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