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ABSTRACT

An efficient recursive approach is proposed in this paper that would not only find the multiple sequences alignment for protein
sequence but also provides means for consideration of gaps between them. MSAs are usually scored with the Sum-of-Pairs (SP)
function and the Match Column (MC) function, but exact SP and MC for MSA is known to be NP-Hard. Therefore in this paper, a
heuristic method is used to solve MSA problem using genetic algorithm. Three different operators were proposed, one type of
selection operator, one types of crossover operators and one type of mutation operator for feasible alignment of protein sequences.
The input variables (e.g. Strands) of the program are user dependant and internal calculations are performed in recursive fashion to
add intelligence to the input Strands. Experimental results of benchmarks from the BAIIBASE 3.0 shows that the strategy adopted in
the study is able to obtain better results, when compared to the traditional MSA tools.
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INTRODUCTION

ultiple sequence alignment" is an essential pre-

requisite in molecular sequences analysis. This

has lead to the development of different
software tools. MSA can be used in Phylogenetic analysis
to trace the path of evolution. The most general purpose
of multiple sequence alignment is to find highly
conserved region or embedded patterns. Patterns /
Motifs are well conserved regions of sequence generally
organized around one or two very highly conserved
residues.

Multiple Sequence Alignment (MSA) is identified as one
of the challenging tasks in bioinformatics which belongs
to a class of hard optimization problems -called
combinatorial problems. Multiple sequence alignment
allows comparison of sequences by simultaneously
aligning set of sequences. The main problem in MSA is its
exponential complexity with the considered input data
set. These alignments may be used to identify profiles or
hidden models that may be used to acquire knowledge
for distantly related members of the family sequences,
newly discovered sequences, and existing sequence
databases.

MSA is an optimization problem which exhibits a great
temporal and space complexity. Therefore, several
methods were proposed which can be grouped in three
great classes’. Initially, solution was presented by
Needleman algorithm®. The second class contains
methods based on a progressive approach’. The
progressive methods are simple, fast and generally give
alignments of good qualities. However, their major
disadvantage is the problem of the local minima and
consequently they can lead to poor quality solutions. The
first stochastic iterative algorithm proposed in the

literatures uses an algorithm of simulated annealing’.
However, this algorithm is very slow and it is
inappropriate to be used as improverz. Later, several
other iterative algorithms which use various strategies
like Genetic Algorithms (GAs) were proposed. Concerning
the deterministic iterative methods, they involve
extracting the sequence one by one from multiple
alignments and realigning them to the remaining
sequences. The major disadvantage of iterative method is
their high execution time.

Thompson6 described that traditional algorithms such as
Clustal W are known to be very successful when the
number of average length is low and similarity is high.
They also said that Zhang and Jorong Tzong horng
developed a genetic algorithm for MSA. According to
Thompson® no single alignment procedure can be
expected to construct biologically reasonable alignment
in all possible situations. Some authors were also
presented a novel algorithm with self-organizing neural
network for MSA. Self-organizing NN as local optimization
like classification is embedded into genetic algorithm to
keep away from local optima.

Chen and others’ presented a new method for multiple
DNA sequence alignment using genetic algorithms and
divide-and-conquer techniques to choose optimal cut
points of multiple DNA sequences. Their experimental
results show that their method is better than the previous
methods presented in various other literatures® for
dealing with multiple DNA sequence alignment from the
viewpoints of the scores and the match column. But as
per Chen’, unfortunately degree of similarity between
two sequences in the fitness functions not to be
calculated by aligning two sequences to the “left” by
inserting the symbols “-” to the right-hand side of the
shorter sequence.
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Referring to other literature studies and according to
Omar® multiple sequence alignment relies very much on
optimization algorithms. The combination of genetic
algorithm and simulated annealing was a way that can be
used to solve MSA assignment. As per Peng™ genetic
algorithm will try to find new region of feasible solution
while simulated annealing will act as aligning improver.
Simulated annealing also helps to prevent local minima
problem compared to the dynamic programming. But
literature studies states that, further tests need to be
carried out to prove that the use of SA can produce better
results. Pengfei'® in their experiments showed that GA
itself is sufficient to solve the problem. However, this is
not true since SA can avoid local minima. There are other
aspects of the system that need to be improved. The
coding schedule needs to be tested thoroughly to get
better results. Another factor is due to the gap insertion
process, where a new operator can increase the
performance of the system.

Otman® in their research explained that the mutation
operators have an important role in introducing new
patterns in the population. Also, the number of
generations and other scoring matrixes can have
influence in the results for different datasets, but in this
study as per them they kept these parameters unchanged
in order to establish a similar environment for all test
configurations. A straightforward development of their
investigation is to determine a set of rules that can
evaluate the evolution of the population and that choose
the correct type of operator at a given time.

With consideration to all the above facts about MSA
problem, an approach has been made in this research to
increase the alignment quality of multi biological
sequences by enhancing the genetic parameters of
genetic algorithm. Here, an appropriate development is
made right from the initial generation of population to
the selection of individuals for crossover and mutation.
The traditional genetic operators such as the crossover
and mutation were also modified in order to increase the
quality of solution for alignment problem. Later on, the
alignment so obtained were compared over the sum of
pair score and match column with tools like Mafft™,
Probcons™, Muscle®™, Clustal W', t-Cofee’ and
MSACompro®.

MSA tools using genetic algorithms and simulated
annealing technique have also been developed in an
attempt to seek a more optimized MSA. In the genetic
algorithm based method, a set of already generated
multiple sequence alignments is taken and divided into
many fragments. These fragments are then rearranged to
obtain a more optimal solution. The process is repeated
until it converges where the objective function is
maximized.

Though many MSA tools have been developed so far,
Clustal-W continues to be the most widely used MSA tool.
T-COFFEE and PROBCONS are best tools as far as accuracy
is concerned but are not scalable beyond 100 sequences.
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Therefore while aligning more than 100 sequences
MAFFT and MUSCLE give the best performance in terms
speed and accuracy. Most of these MSA tools have been
designed considering protein sequence alignment but
they can be fairly used for DNA and RNA sequences also.

The rest of the paper is organised as follow. The next
section introduces the concepts underlying the research
work with detailed discussion on the proposed approach.
Followed by section which explains about the detailed
results over standard datasets, along with the
experiments setup required in order to validate and
observe the results. Finally, the concluding section
presents the final consideration.

MATERIALS AND MEHTODS
Initial Population Generation and Selection

The selection operator determines which chromosomes
will survive in each generation. Therefore, in this process
the combination of Roulette wheel selection and Elitism is
implemented. The selection of fittest chromosomes
within each generation is guaranteed by Elitism.

The initial generation of number of chromosome is made
to be generated by the choice given by the user. For
performing the crossover and mutation operation, the
chromosomes are selected using the Roulette Wheel
selection scheme. After the selection process is over, the
chromosomes are subjected for crossover and mutation
operation and the best chromosome from the current
population is selected and saved as elite. Based on the
best fitness score the elites are replaced.

Fitness

The sum-of-pairs score (SPS): is calculated so that the
score increases with the number of sequences correctly
aligned which is used to determine the extent to which
the programs succeed in aligning. The SPS score is defined
as below:

Considering a test alignment of size NxM, and a reference
alignment of size NxM,, where N is the number of
sequences, and M,M; are the number of columns in the
test and reference alignment accordingly and Ay Ay, ...,
A, is the i™ column in the alignment, for each pair of
residues A; and Ay we define py = 1 if residues Ay and Ay
are aligned with each other in the reference alignment,
otherwise pj = 0. The score §; for the i"" column will be
the sum of pj for all pairs of symbols in this column:

— \'N N
S= 2j:1,j¢12k:1pijk

Similarly S is the score S; for the i column in the
reference alignment.

The SPS score for the test alignment is:
SPS =YL, S/ 2 Sy
The Column score (CS)

The Column score (CS): Considering a test alignment of
size NxM, and a reference alignment of size NxM,, where
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N is the number of sequences, and M,M, are the number
of columns in the test and reference alignment
accordingly: the score C; = 1 if all the residues in the
column are aligned in the reference alignment, otherwise
Ci =0

The CS score for the test alignment is then:
CS=xM.C;/M

Since, the two scoring systems have been implemented
successfully in the program BAlibase called BAliscore
which takes as input a test alignment and a reference
alignment in MSF format, in this paper BAliscore has been
used to estimate the quality of the test alignment.

Crossover Operator

The crossover operator combines the genes of two or
more parents to generate better offspring. It is based on
the idea that the exchange of information between good
chromosomes will generate even better offspring. The
effect of the crossover operator can be studied from two
different points of view: at chromosome level and at gene
level.

The proposed crossover operators described in fig. 1 is
used for successful alignment of biological sequences. It
can be seen that, two parents a and b were divided from
a random selected point into al, a2 and b1, b2. Then, a2
and b2 were further divided to form a3, a4 and b3, b4. At
the last, (al+b3+ad) and (bl+a3+b4) were combined
which can be seen in the figure to obtain the optimal
alignment of sequences.

EGK| NADL-G— E-G-K|M A --DLG

~-GK|N-—WHL-G —GK—|HNWH-L-&

E-K |- aWNLG— E-K—&|—W-—NL-G

E—M|EA---2 K SEM HA----@-¥
Farenta Farentb
EGK HADL—G— E-G-K MaA--DLG
-GK N-—WHNL-G GK— HNWHN-—-L-G
E- K AW HNLG— E-K - - AW —AL- G
E-K MNA---GEK - MA----G-
aL az b bz
MoA-- DL—G— —-NA - - DLG
H—"%HN --L-4G --NWH-— L-&
- AW N --LG— -8 —W-—MN L-&
M oA - G Ha---- -k
a3 a4 b3 ba

EGH--NA- -DL-&— E- G- KENA--DLG

-GE--NWHN---L-G --GK-—N-WNL-G
E-K—A—W-—N--LG— E-K---AWHNL-G

E—-KENA-------GK -EK--NA- -G-K

[a1+b3+aa) [bi+a3+ba)

Figure 1: The proposed crossover operator
Mutation

The main aim of mutation operator is to slightly alter the
parent to introduce new genetic information. The
proposed scheme of mutation operator works as follow.
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First, a shorter segment from the parent is chosen at
random, which is limited to 8< /< 90. Then the chosen
segment is divided into two groups from a random
chosen position. In each group, the column consisting of
only gap character were removed and the Myers-Miller
algorithm is used to re-align these two groups to a
segment of alignment. Finally, the new segment is
connected to two terminal segments of the parent to
complete the offspring. Now, if the newborn child is
different compared to previously generated children
then, it will be put into the new generation, otherwise, it
will simply be discarded. As, the length of the short
segment is limited to 8< /< 90, the computational time for
the mutation is bound by a constant, not dependent on
the length of sequences of the problem.

Termination Condition

The termination conditions used for the experiment are
as follows:

In the experimental study, the results were tasted on
maximum 70 iterations (generations), and hence made
the experiment to be terminated after reaching 70
iterations, as there is negligible amount of improvement
in the alignment quality.

COMPARATIVE STUDY OF SP SCORE OVER BALIBASE 3.0

! !

ES,

SCOR.

SUM QF PAIR

LRVLL2RVI23RV2DARVE05 RVADSRVS0,T-Overe
Figure 2: Bar graph comparison result of SP scores
between the proposed method and MSA tools.

‘ COMPARATIVE STUDY OF MATCH COLUMN OVER BALIBASE 3.0
T vt I Prob Cor‘ls = Muscle‘s [IChstal \;VI:IT- Cof%ee ] MSA-‘Compro [ ] P‘mposed Work

MATCH COLUMN SCORE

1-RV11,2-R\/12,3-R\/20,4-RV30,5-F$V40,6-R\/50,7-0vera||

Figure 3: Bar graph comparison result of MC scores
between the proposed method and MSA tools.
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RESULTS AND DISCUSSION

To evaluate and validate an MSA tool, a standard
benchmark database of reference alignment is used. For
comparing the presented work to some other MSA
approaches, the BAIIBASE 3.0 is used. BAIBASE 3.0 is the
most commonly employed protein alignment benchmark.
Reference 3 consists of up to 4 sub-groups, with less than
25% residue identity between sub-groups. It contains five
main categories. All categories, except for category 4
(RV40), have two different sets: one consists of full length
sequences and the other has the homology regions of
those sequences. Reference 1 shares sequences with a
similar length. It has two subcategories: RV11 and RV12.
RV11 contains 76 files which have very distant sequences
sharing less than 20% identity. RV12 contains 88 files with
sequences that share 20 - 40% identity. Reference 2
(RV20) has sequences with more than 40% identity and
also some orphan sequences with less than 20% identity
with others. RV20 contains 82 files. RV30 has families
with 40% identity, but 20% identity is shared among
them. It contains 60 files. RV40 has sequences with N/C
terminal extensions and 49 files. RV50 has sequences
with long insertions and contains 32 files.

In the proposed approach, the quality of the alignments
was measured by considering Sum-of-Pair scores and
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Match Column (MC) scores. MC is the number of
correctly aligned columns to the number of columns in
the reference alignment and SP is the number of correctly
aligned residue pairs to the number of residue pairs in the
reference alignment. The accuracy of the presented
approach is compared to the Mafft, ProbCons, Muscle,
Clustal-w, T-Coffee and MSACompro MSA tools and
presented in the form of graph in figure 2 & 3.

The proposed approach is implemented using C language.
All tests have been fulfilled on a PC with an Intel i7 core
2.53 GHz processor and 4GB RAM. The experiments for
each datasets are processed with the parameters which is
most commonly used by the normal users. The
population size was established to 100 individuals and the
maximum number of generations was 70 with a crossover
probability of 0.7%, mutation rate of 0.01% for the
experiment.

Table 1 and 2 indicates that the proposed schemes is able
to provide a better solutions for sum of pair score and
match column score in comparison to other commonly
know MSA tools. Only for dataset RV20 for sum of pair
and RV40 for MC scores the proposed approach was
unable to perform better.

Table 1: A comparative result of SP scores between the proposed method and MSA tools.

MSA TOOLS RV11 RV12 RV20
Mafft 60.13 90.5 90.49
ProbCons 68.19 94.25 91.88
Muscle 58.73 90.45 88.72
Clustal-W 51.83 85.92 85.21
T-Coffee 59.53 91.54 90.18
MSACompro 75.54 94.37 93.76
Proposed Work 85.34 96.27 89.71

Table 2: A comparative result of MC scores between the proposed method and MSA tools.

MSA TOOLS RV11 RV12 RV20

Mafft 30.02 77.21 38.87

ProbCons 43.58 85.82 42.64

Muscle 34.85 78.73 30.92

Clustal-w 24.36 70.75 24.62

T-Coffee 34.44 80.86 37.57

MSACompro 48.94 86.11 46.87

Proposed Work 50.34 94.47 53.41
CONCLUSION

MSA tools that can guide the construction of accurate
phylogenetic trees are the need of the hour, as this can
cater for many applications in the future. An MSA tool
which does not depict the correct biological information
is of no use. Genetic algorithm (GA) is one of the
important and successful approaches in multiple

RV30 RV40 RV50 Overall
82.52 87.36 85.30 82.71
84.23 89.58 89.18 86.21
79.76 84.4 81.99 80.67
72.05 76.99 72.73 74.12
79.53 85.13 84.62 81.75
89.09 91.34 91.06 89.19
91.26 92.89 95.47 91.82
RV30 RV40 RV50 Overall
49.63 50.88 50.58 49.53
53.73 54.18 55.83 55.96
39.03 42.82 44.14 45.08
28.35 35.41 31.97 3591
42.99 49.73 52.05 49.60
59.52 89.15 61.23 65.30
61.75 79.15 78.57 69.61

sequences alignment (MSA) problem. In this paper, an
improved GA method has been developed, which can
search the solution space in a very efficient manner. With
the help of different proposed genetic operators,
different protein sequences were aligned successfully.
The experimental results show that the improved
approach presented here can obtain a better result
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compared with traditional approach in aligning multiple
protein sequences. The future work will focus on new
representations of sequences that help in improving the
accuracy and speed of the MSA toals.
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