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Abstract

Multiple sequence alignments (MSAs) are commonly used approaches
in the analysis of sequence structure relationships. MSA is generally the
alignment of three or more protein or nucleic acid sequences that max-
imises the similarities between sequences.

In this paper, we use genetic algorithm to compute multiple sequence
alignment using the structural information as the scoring scheme imple-
mented in the program Multiobjective Optimizer for Sequence Align-
ments based on Structural Evaluations (MOSAStrE). We performed
numerical experiments on datasets obtained from benchmark alignment
database (BAliBASE) to solve multiple sequence alignment. To test
the performance of the proposed algorithm, numerical simulations were
carried out in deciding the appropriate set of parameter values for the
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proposed algorithm. The results obtained are reported and discussed in
this paper.

Keywords: Genetic Algorithm (GA), Multiple sequence alignments, scor-
ing scheme

1 Introduction

Multiple sequence alignment (MSA) is generally the alignment of three or
more protein or nucleic acid sequences that maximizes the similarities between
them. MSAs are used in protein structure modeling, functional prediction and
phylogenetic analysis, such as in the studies of [2, 4], which enables us to de-
termine the evolutionary relationships between the sequences being studied.
Many MSA methodologies have used different algorithms in their implemen-
tations including progressive and iterative approaches. Progressive algorithms
work by creating a succession of pairwise alignments between the sequences
to be aligned while iterative algorithms improve a mutiple sequence alignment
by aligning it over successive iterations. Among the algorithms mentioned,
progressive alignments are by far the most popular heuristic strategies with
ClustalW being the most widely used implementation [8, 11, 12]. Some of the
studies that used ClustalW were the papers of [2, 7]. However, progressive
based MSA tools such as MUSCLE [5], ClustalW [8] and T-COFFEE [11], are
likely to get trapped into local minima which is caused by its greedy nature
[8, 12]. Studies by [5, 8, 12] stated that errors at early stages in the alignment
cannot be corrected later which can propagate to the final alignment and may
increase the likelihood of misalignments.

Iterative algorithms, on the other hand, can overcome the mentioned limi-
tations of progressive algorithms but they have their own drawbacks. These
algorithms include genetic algorithm-based methodologies like MOSAStrE [6],
MSA-GA [9] and SAGA [12]. But the mentioned algorithms are much slower
and stochastic in approach in where results may vary between runs unlike pro-
gressive algorithms which are fast and deterministic, in the sense that they
always provide the same result [9]. Another drawback is the dependency of
the final answer on the quality of the seed solution [6]. Despite the mentioned
drawbacks, iterative algorithms have an important advantage over progressive
methods since they are independent of the objective function in which any
objective function can be optimized without modifications to the alignment
routine [6, 12]. Although many MSA methodologies have emerged, the choice
of the most suitable aligner and efficient evaluation method to measure align-
ment accuracy are still a problem [6].
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For the scoring methods, substitution matrices are used. Substitution ma-
trices provide a measure of the probability of a substitution (probability that
a residue will be substituted by another residue due to mutation) or conser-
vation (residue will not mutate) occuring [9]. For protein sequences, the most
commonly used matrices are PAM [3] and BLOSUM [10] which only con-
sider nucleotide or amino acid information to evaluate every aligned pair of
residues. However, the mentioned matrices can lead to inaccurate alignments
when the number of sequences increases or sequences are longer and more dis-
tant sequences are included [6]. Therefore, current scores are using additional
information such as homologies or protein structures to complement alignment
evaluations. Such scores include the STRIKE score [13] which was included in
this study to measure alignment accuracy.

This study aims to find the appropriate parameters for MOSAStrE proposed
in [6] since the authors have only used a single combination of crossover and
mutation probabilities through out their simulations. MOSAStrE is a genetic
algorithm based aligner implemented through the NSGA-II algorithm [1] and
optimizes three objectives: percentage of non-gaps, percentage of totally con-
served columns and the STRIKE score.

2 Materials and Methods

Multiobjective Optimizer for Sequence Alignments based on Structural Evalu-
ations (MO-SAStrE) is a genetic algorithm based aligner implemented through
the NSGA-II approach. In this study, input sequences were obtained from the
BAliBASE dataset (v3.0). Initially, the alignment which we wish to optimize
is fed to six different alignment tools. The resulting six alignments from these
tools will be used to generate the initial parent population Np. First, we include
the six alignments to the initial population and the remaining Np−6 individuals
are generated by applying crossover. The new individuals (offspring) are built
using the crossover and mutation operators according to the chosen crossover
and mutation probabilities Pc and Pm respectively. The existing population
and the newly built individuals are combined which are then referred to us
the extended population. The best individuals, which will compose the next
generation, are then selected from the extended population using the NSGA-II
algorithm and will undergo the same process until the termination conditions
are satisfied. The flow of the whole procedure is shown in Figure 1.

MO-SAStrE used three different objective functions to evaluate each align-
ment: STRIKE score, percentage of totally conserved (TC) columns and per-
centage of non-gaps. According to the STRIKE evaluation, contacts between
amino acids in a sequence with known structure are estimated. For the remain-
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Figure 1: Flowchart for the five different test function values

ing sequences, the pairs of amino acids aligned in the same positions as the
previously estimated contacts are retrieved and are scored using the STRIKE
matrix provided by the STRIKE authors [13]. A high STRIKE score implies a
higher structural similarity between the sequences. For the percentage of TC
columns, it calculates the number of columns that are completely aligned with
exactly the same amino acids. Higher TC values means the sequences have
closer evolutionary relationships. The percentage of non-gaps, on the other
hand, is the percentage of amino acid with respect to the number of gaps in the
multiple sequence alignment. The NGP measures how compact and realistic
an alignment is. Therefore, MO-SAStrE optimizes alignments by maximizing
structural similarities between the sequences to be aligned and the number of
totally conserved columns while reducing the number of gaps in the alignment.

The MO-SAStrE process terminates when either one of the three terminat-
ing conditions is satisfied. The first condition is the maximum number of
generations allowed which is set to five hundred. Second is when the best
STRIKE score do not change for twenty consecutive generations. The last
condition is when the STRIKE scores of all individuals in the population are
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equal and does not change for five consecutive generations.

3 Results and Discussion

Multiple runs were done to attain results for this parameter identification
problem. Two sets of simulations were done on five datasets obtained from
BAliBASE in order to find the appropriate parameters for MO-SAStrE. The
first set maximizes three objective functions: STRIKE score, percentage of
TC columns and percentage of non-gaps. While the second set of simulations
only maximizes the STRIKE score to see if the structural similarities between
the sequences aligned can be improved further. The five datasets, BB11001,
BB11008, BB11009, BB11013 and BB11025, were taken from Ref. 1 v.1 of
BAliBASE which are harder to align since sequences in each dataset are less
similar.

The population was set to one hundred. The crossover-mutation probabilities,
Pc−Pm combination, were also varied according to the following combinations:
0.5 - 0.5, 0.6 - 0.4, 0.7 - 0.3, 0.8 - 0.2 and 0.9 - 0.1. Ten runs per combination of
Pc and Pm were done on each of the five test datasets using the single-objective
and multi-objective simulations yielding a total of five hundred (500) runs.

Table 1: Performance, runtime and convergence averages of different Pc − Pm

parameter combinations

Performance Criteria
Crossover rate-Mutation rate

0.5-0.5 0.6-0.4 0.7-0.3 0.8-0.2 0.9-0.1

STRIKE score 3.459 3.359 3.311 3.327 3.108
NGP (%) 59.790 59.361 58.565 58.825 59.488
TCP (%) 1.377 1.233 1.228 1.230 1.341

Runtime (mins.) 83.068 75.068 70.145 75.419 64.784
No. of generations 165.24 146.48 138.28 136.98 100.68

Since the multi-objective procedure returns the subset of non-dominated align-
ments which are equally good, it is not possible to decide which one is more
accurate according to the three objectives [6]. In our results, we considered the
alignment with the highest STRIKE score, which gives an alignment of more
quality according to the sequence structures, as the best alignment. If in case
the user selects the alignment with the highest non-gaps percentage (NGP),
a more compact and realistic alignment can be obtained while an alignment
with a high percentage of totally conserved columns (TCP) provides a better
quality in terms of the evolutionary homologies among sequences.
Results of the simulations obtained from the multi-objective algorithm have
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shown that the 0.5-0.5 generated the highest average objective function value
among the five combinations. It had an average STRIKE score of 3.459, av-
erage non-gaps percentage of 59.790% and average percentage of totally con-
served columns of 1.377% as shown in Table 1. Based on our simulations,
the 0.8 crossover and 0.2 mutation rates used by MOSAStrE [6] was improved
by 4% in the 0.5-0.5 combination. Similary, for the NGP scheme, the 0.5-
0.5 combination has improved the score by 1.64%. For the TCP scheme, the
0.5-0.5 combination has improved the score by 11.95%. This implies that
the alignments obtained from the said combination have the best qualities in
terms of sequence structures and evolutionary homologies and are the most
realistic ones among the alignments obtained using the other combinations of
crossover and mutation probabilities. Therefore, the 0.5-0.5 combination which
was ranked first in all the objective values is a more appropriate combination
based on the simulations done on the five test datasets.

Moreover, results had shown that the simulations maximizing the three ob-
jectives all at once have higher objective values but are more than twice slower
than the simulations maximizing only the STRIKE score. This only implies
that the value of the STRIKE score cannot be improved further. Therefore,
alignments obtained from the multiobjective algorithm are better not only in
terms of the quality of sequence structures but are also far superior when it
comes to achieving realistic alignments and alignments of greater evolutionary
homologies though the algorithm is much slower.

4 Conclusion

MOSAStrE, a multiobjective genetic algorithm based sequence optimizer im-
plemented through the NSGA-II algorithm, has been shown to be efficient in
achieving optimized multiple sequence alignments based on the 0.8-0.2 combi-
nation of crossover and mutation probabilities used by the MOSAStrE authors.
In this study, results obtained from the simulations have shown that the combi-
nation 0.5 crossover and 0.5 mutation rates gave the most realistic alignments
and with the best qualities in terms of sequence structures and evolutionary
homologies. Thus, it can be concluded that the said combination can be the
most appropriate parameter to use rather than the 0.8 crossover and 0.2 mu-
tation probabilities used by the MOSAStrE authors in expense of a higher
computing time. But since only five datasets were used for the simulations
and were only taken from a single Reference in BAliBASE, more simulations
are needed to be done in order to show the efficiency of the 0.5-0.5 in other
datasets.
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