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Abstract. The multiple sequence alignment (MSA) problem is essential
in biological research for finding specific relationship between the biologic
sequences and their functions. This paper proposes a multi-objective arti-
ficial bee colony optimization algorithm for MSA (MOABC-MSA), which
uses three kinds of searching to optimize a multi-objective MSA problem.
The employed bee searching aims to make the solutions converge to the
Pareto front (PF) of the problem; the onlooker bee accelerates the con-
vergence speed; the scout bee facilitates the algorithm to avoid the local
optimal. A comparative experiment is implemented on BAliBASE 3.0,
a MSA benchmark. Experimental results show that the proposed algo-
rithm has competitive performance with state-of-the-art metaheuristic
algorithms.

Keywords: Multiple sequence alignment · Multi-objective
optimization · Artificial bee colony optimization

1 Introduction

The multiple sequence alignment (MSA) problem aims to align three or more
sequences simultaneously. MSA can help researchers to identify regions that
exists same elements, which might contain valuable information.

The MSA problem has been proven to be a NP-complete problem with the
sum-of-pairs (SP) metric [1], and NP-hard for most of existing metrics [2]. Dif-
ferent kinds of algorithms are developed to solve MSA problem.

Literature [3] finds six groups of approaches for MSA problem: (1) exact
methods; (2) progressive methods; (3) consistency-based methods; (4) iterative
methods; (5) evolutionary algorithms; (6) structure-based methods.

The mataheuristic algorithms have shown competitive performance in opti-
mizing MSA problems. A hybrid multiobjective metaheuristic combining shuffled
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frog-leaping algorithm with Kalgin algorithm is proposed in [3]. Literature [4]
proposed a characteristic-based framework for MSA, which extracts the charac-
teristics of input unaligned sequences and aligns the sequences with specific con-
figuration according to the characteristics. A bi-objective evolutionary algorithm
with a tree-based initialization method and a gap-re-inserting-based mutation
operator is proposed in [1]. Literature [5] proposes a quantum-inspired heuristic
optimization method for MSA. A multi-objective formulation for MSA is pro-
posed in [9] for inferring the evolutionary history relating. ProbPFP [6] combines
the partition function and the hidden Markov model (HMM), where the parame-
ters is optimized by a particle swarm optimization (PSO). Literature [7] proposes
an algorithm that employs sparse approximation to reduce computational cost
for the relaxation. Literature [8] proposes a hybrid artificial bee colony opti-
mization (ABC) algorithm for MSA, which performs a single-point crossover for
employed bee phase and a multiple mutation operator that contains four kinds
of mutations operators for onlooker bee phase.

Early literatures evaluates the alignments by one score function. However,
when optimizing the MSA problem, researchers have more than one requirement
for aligned sequences. To meet different requirements of researchers, the MSA
problem is designed to contain multiple optimization objectives. [3] adopts the
weighted sum-of-pairs function with affine gap penalties (WSP) and the number
of total conserved columns (TC) score. [4] uses the Q-score (i.e., sum-of-pairs
(SP) score) and total column (TC) score as the objective functions. In [1], the
MSA problem is a bi-objective minimization problem, where the first objective
function is the scoring function that minimizes the number of gaps, the second
objective function is the opposite of SP function. Four objectives are proposed
in [9]: non-gap columns for the calculation of entropy, the similarity of columns
containing one or more gaps, the similarity of column containing no gap, and
the number of consecutive gaps. [7] develops a relaxed formulation for the MSA
problem based on a regression-coding framework.

This paper proposes a novel artificial bee colony optimization algorithm for
MSA (MOABC-MSA). The employed bee stage achieves optimization for each
sub-problem. The onlooker bees stage is based on a non-dominated ranking-
based roulette wheel selection, which can obtain high-quality solutions with high
diversity. The scout bee works could facilitate the algorithm in avoiding local
optimums. The details of the MOABC-MSA is introduced in the third section
of this paper.

The remainder parts of this paper is organized as follows. The second section
introduces the definition of the multi-objective MSA problem. Section 3 describes
the design and implementation of the proposed MOABC-MSA. Section 4 com-
pares the MOABC-MSA with state-of-the-art metaheuristics on a benchmark
MSA test suite. The last section summarizes the proposed work and predicts
the research direction of metaheuristic algorithms for MSA.
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2 Problem Definition

There are three objectives in the problem: single structure induced evaluation
(STRIKE), percentage of totally conserved columns (%TC), and percentage of
non-gaps (%nonGap). STRIKE aims to maximizing the accuracy of the align-
ment. Maximizing %TC ensures there are more columns that the residues are
exactly the same, i.e., more conserved or special regions within an alignment.
Maximizing the %nonGap encourages the aligner to reduce the number of gaps
in the aligned sequences. The MSA problem is represented by the mathematical
form shown in Eq. 1:

maximize F (S) = (STRIKE(S),%TC(S),%nonGap(S)) (1)

Strike evaluates the accuracy of an alignment based on structural informa-
tion of, at least, one sequence of the alignment. This structural information is
commonly retrieved from the Protein Data Bank [10].

Using the structural information as a source for amino acid frequencies and
contacts, a log-odds contact matrix is estimated by measuring the ratio between
the frequency of each possible contact and its expectation, given the background
frequency of each single amino acid. Given any pair of amino acids i and j, the
score for their contacts can be estimated as:

Mij = 10 × ln(
fij
fifj

) (2)

where fij is the frequency of contacts involving i and j across all observed
residue-residue contacts, fi and fj are the single residue frequencies in the
dataset considered.

%TC takes into account the number of columns that are fully aligned with
exactly the same compound. TC is defined as shown in Eq. 3:

%TC(S) = 100
L∑

l=1

totalColumn(Sl)
L

(3)

where Sl is the lth column of S, Sl = sil∀i = 1, ..., k, and totalColumn(Sl) is
defined following Eq. 4:

totalColumn(Sl) =

{
1, if sil = s1l∀i = 2, ..., k
0, otherwise

(4)

%nonGap measures the number of residues with respect to the number of
gaps into the alignment. This objective function is shown in Eq. 5:

%nonGap(S) = 100
k∑

i=1

L∑

j=1

isNotGap(sij)
k × L

(5)
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where sij represents the symbol in the jth position of the ith sequence in the
alignment S. The function isNotGap for a specific residue is defined in Eq. 6:

isNotGap(residue) =

{
1, if residue = “ − ”
0, otherwise

(6)

3 MOABC-MSA

3.1 Representation of Individuals

This paper adopted a encoding strategy that records the positions of gaps for
each sequence. The adopted representation uses the format (begin, end) to store
the position of a gap or several consecutive gaps. For example, if a sequence
is {REDH-PDLIQ—NAK-K–}, it is represented as: {(5,5), (11,14), (18,18),
(20,21)}.

3.2 Crossover and Mutation Operators

This paper employs a single-point crossover operator [3]. There are three kinds
of mutation operators adopted in the proposed algorithm: shift-closed gaps, non-
gap group splitting, and adjacent gap groups merging [16].

3.3 Algorithm Overview

Algorithm 1 shows the framework of the proposed MOABC-MSA. First, the
algorithm uses MUSCLE, a non-metaheuristic method, to initialize N random
food sources that represents N candidate alignments. Meanwhile, an archive NA
for storing non-dominated solutions is initialized as NULL. Then the algorithm
executes searching procedures of employed bees, onlooker bees and scout bees.
The MOABC-MSA repeats the searching behaviours of two kinds of bees until it
meets the stop criterion. Finally, the algorithm outputs non-dominated solutions
and their corresponding scores.

3.4 Employee

Algorithm 2 shows the execution process of the employed bee stage. Each
employed bee is assigned a food source. Each bee performs single-point crossover
operation. For the ith bee, the first individual of the crossover operation is the ith

food source, the second individual is randomly selected. After the crossover, two
new candidate alignments are generated. Then the proposed algorithm performs
shift-closed gaps mutation operator on the newly-generated candidate align-
ments. The new solutions are evaluated by the objective functions and merged
into the candidate solution set.

The non-dominated sorting-based selection [13] is adopted in employed bee
stage. The candidate solutions in each iteration is divided into several levels.
The first level is non-dominated solutions among all candidates. The second is



568 Y. Yu et al.

Algorithm 1: Algorithm framework of MOABC-MSA
Input: sequences to be aligned;
Output: aligned sequences;

1 initialize N random food sources;
2 initialize non-dominated set NA;
3 evaluate food sources;
4 while termination criterion is false do
5 employed bees execute search behaviour;
6 onlooker bees execute search behaviour;
7 for each sub-problem do
8 if is not updated for k iterations then
9 scout bee execute search behaviour;

10 end

11 end
12 update non-dominated set NA;

13 end
14 output non-dominated solutions;

non-dominated solutions among candidates except the first level. The rest of the
food sources is sorted in the same manner. If the algorithm can obtain N opti-
mal solutions by select certain levels of candidate solutions into the population
of next generation, it goes into the next iteration; if not, assuming that the first s
levels are selected, the algorithm associates solutions in the (s+1)th level with N
uniformly distributed reference vectors (RVs), and choose N−∑s

i=0 |leveli| solu-
tions into the population of next generation by niche-preservation method [13].

3.5 Onlooker

The onlooker bees prefer to exploit high-quality solutions founded by employed
bees. Meanwhile, the bees should maintain diversity of food sources.

At this stage, each onlooker bees select food sources to search according to
the solution quality. Inspired by the fast non-dominated sort method [12], the
proposed algorithm divides the food sources into several ranks.

When selecting food sources, an onlooker bee first select a rank based on
roulette wheel selection, which guarantees that the non-dominated food sources
are more likely to be selected. Assuming that there are M ranks among the food
sources, the selected probability of the ith rank is calculated according to Eq. 7:

pi =
M − i + 1
∑M

j=1 j
(7)

Next, the onlooker bee selects a food source randomly from the selected rank.
Each onlooker bee performs a single-point crossover operation. Then it per-

forms the shift-closed gaps mutation, non-gap group splitting mutation, and
adjacent gap groups merging mutation in sequence.

The food sources are updated by the non-dominated and crowded-based sort-
ing selection [12]. The onlooker bee stage is described in Algorithm 3.
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Algorithm 2: Searching behaviour of employed bees
Input: N food sources;
Output: N new food sources;

1 initialize ω1 to ωN ;
2 calculate neighborhood of each food source;
3 while termination criterion is false do
4 for each employed bee do
5 perform single-point crossover operation;
6 perform shift-closed gaps mutation operation;

7 end
8 evaluate new solutions;
9 merge food sources and new solutions;

10 non-dominated sorting;
11 if N =

∑s
i=0 |leveli| then

12 select s levels as new food source;
13 end
14 else
15 select new food source using sorted levels and niche-perservation

method;

16 end
17 update food sources;

18 end

Algorithm 3: Searching behaviour of onlooker bees
Input: N food sources;
Output: N new food sources;

1 perform fast non-dominated sorting;
2 calculate selected probability for each food source;
3 select a food source for each onlooker by roulette wheel selection;
4 while termination criterion is false do
5 for each employed bee do
6 perform single-point crossover operation;
7 perform shift-closed gaps mutation operation;
8 perform non-gap group splitting;
9 perform adjacent gap groups merging;

10 end
11 evaluate new solutions;
12 merge food sources and new solutions;
13 perform non-dominated and crowded-based sorting selection;
14 update food sources;

15 end
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3.6 Scout Bee Phase

The scout bees work when the optimal solution of a sub-problem is not updated
for more than k iterations. The scout bees performs the same crossover operator
and mutation operator with the onlooker bees. Algorithm 4 shows the searching
behaviour of scout bee.

Algorithm 4: Searching behaviour of scout bee
Input: sequences to be aligned;
Output: aligned sequences;

1 initialize N random food sources;
2 initialize non-dominated set NA;
3 evaluate food sources;
4 while termination criterion is false do
5 for each sub-problem do
6 if the optimal solution is not updated for more than k iterations then
7 perform single-point crossover operation;
8 perform shift-closed gaps mutation operation;
9 perform non-gap group splitting;

10 perform djacent gap groups merging;

11 end

12 end
13 evaluate new solutions;
14 merge food sources and new solutions;
15 find optimal solution of each sub-problem;
16 update food sources;

17 end

4 Experimental Result

This section proposed a comparison study. The performance of the proposed
MOABC-MSA is compared with metaheuristics on benchmark dataset.

This paper uses the 3.0 version of Benchmark alignment database (BAl-
iBASE) to test the proposed algorithm. There are 218 sets of sequences in BAl-
iBASE 3.0, they are divided into six families: RV11, RV12, RV20, RV30, RV40,
and RV50.

This experiment selects twenty-seven test cases from BAliBASE 3.0 to imple-
ment the comparative study between the proposed MOABC-MSA and other
genetic and metaheuristic algorithms. The selected instances are: BB11001,
BB11005, BB11018, BB11020 from RV11, BB12001, BB12013, BB12022,
BB12035, BB12044 from RV12, BB20001, BB20010, BB20022, BB20033,
BB20041 from RV20, BB30001, BB30008, BB30015, BB30022 from RV30,
BB40001, BB40013, BB40025, BB40038, BB40048 from RV40, BB50001,
BB50005, BB50010, BB50016 from RV50.

This paper compares MOABC-MSA with several state-of-the-art evolution-
ary or metaheuristic algorithms. The competitor algorithms includes: NSGA-
II [18], MOEA/D [17], GAPAM [15], MO-SAStrE [16], and HMOABC [19]. The
parameters of the peer algorithms are set according to their original literatures.
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Table 1. Comparison on RV11

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB11001 STRIKE 3.25 3.07 2.94 2.98 2.79 2.88

%TC 7.89 7.48 7.40 7.37 6.84 7.42

%nonGap 94.84 89.46 93.75 92.98 90.57 91.44

BB11005 STRIKE 3.14 3.09 2.89 2.94 2.67 2.88

%TC 8.04 6.90 6.59 6.54 6.38 6.52

%nonGap 93.68 87.56 92.64 90.53 88.24 83.20

BB11018 STRIKE 3.58 3.07 2.75 2.84 2.39 2.58

%TC 8.44 7.35 7.03 6.89 5.35 5.24

%nonGap 94.37 87.36 92.58 92.46 90.45 91.85

BB11020 STRIKE 3.38 3.25 2.93 2.86 2.37 2.25

%TC 7.33 7.28 7.29 7.25 7.32 7.30

%nonGap 93.53 90.45 92.37 92.59 91.43 92.50

Table 2. Comparison on RV12

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB12001 STRIKE 2.74 2.52 2.60 2.58 2.47 2.35

%TC 3.79 3.62 3.74 3.75 3.68 3.71

%nonGap 84.40 80.43 82.13 81.37 78.48 79.63

BB12013 STRIKE 2.97 2.73 2.63 2.68 2.74 2.70

%TC 3.79 2.59 3.62 3.55 2.98 2.82

%nonGap 84.03 80.38 83.44 82.56 81.47 78.38

BB12022 STRIKE 2.81 2.63 2.72 2.69 2.54 2.60

%TC 3.66 3.47 3.58 3.21 3.46 3.29

%nonGap 82.94 80.65 82.56 81.53 82.08 81.32

BB12035 STRIKE 2.76 2.51 2.69 2.65 2.55 2.49

%TC 3.73 3.50 3.71 3.68 3.41 3.59

%nonGap 82.30 79.73 82.21 81.99 80.35 81.02

BB12044 STRIKE 2.71 2.46 2.58 2.59 2.32 2.44

%TC 3.74 3.56 3.67 3.66 3.69 3.52

%nonGap 82.39 79.93 81.95 80.61 78.16 77.08

4.1 Statistic Results

This section compares the statistical results of the algorithms on STRIKE, %TC,
and %nonGap. Meanwhile, the executing times of the algorithms are recorded
and compared. Each algorithm runs each test cases for 30 times to avoid the
randomness. The termination criterion is set as 25,000 times of evaluation to
guarantee the fairness of the experiment. For MOABC-MSA and HMOABC,
both the number of employed bees and the number of onlooker bees are set to
20. For the other algorithms, the size of their populations is set to 20.
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Table 3. Comparison on RV20

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB20001 STRIKE 0.69 0.67 0.54 0.58 0.42 0.51

%TC 0.21 0.09 0.13 0.10 0.14 0.08

%nonGap 41.22 38.85 40.06 39.57 38.30 36.94

BB20010 STRIKE 0.48 0.42 0.47 0.41 0.39 0.44

%TC 0.27 0.22 0.25 0.23 0.18 0.20

%nonGap 40.18 36.94 39.82 37.81 38.89 39.06

BB20022 STRIKE 0.28 0.24 0.26 0.25 0.25 0.24

%TC 0.21 0.18 0.19 0.17 0.17 0.15

%nonGap 39.42 38.22 38.57 38.26 37.26 37.01

BB20033 STRIKE 0.56 0.50 0.55 0.52 0.49 0.54

%TC 0.26 0.19 0.24 0.22 0.17 0.21

%nonGap 41.27 38.48 40.53 36.52 34.83 35.66

BB20041 STRIKE 0.37 0.32 0.34 0.35 0.29 0.31

%TC 0.20 0.14 0.18 0.16 0.11 0.13

%nonGap 40.28 36.53 39.39 34.55 32.17 33.68

Table 4. Comparison on RV30

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB30001 STRIKE 1.75 1.63 1.65 1.67 1.54 1.56

%TC 0.33 0.29 0.32 0.30 0.25 0.22

%nonGap 50.77 43.70 49.42 50.04 44.66 42.97

BB30008 STRIKE 1.85 1.68 1.74 1.77 1.63 1.66

%TC 0.33 0.27 0.31 0.33 0.25 0.22

%nonGap 51.40 42.34 50.06 50.56 49.28 44.30

BB30015 STRIKE 2.44 2.18 2.35 2.39 2.22 2.15

%TC 0.35 0.34 0.35 0.36 0.29 0.28

%nonGap 49.07 43.92 48.91 47.40 43.21 40.06

BB30022 STRIKE 2.06 1.74 1.93 1.95 1.86 1.88

%TC 0.41 0.34 0.39 0.40 0.36 0.36

%nonGap 48.52 46.03 47.60 47.88 42.52 43.94

Tables 1, 2, 3, 4, 5 and 6 shows the best value of STRIKE, %TC, and %non-
Gap among solutions found by the tested algorithms for each test case. The
bold number indicates the optimum. Table 1, 2 and 3 shows that for instances in
RV11, RV12, and RV20, MOABC-MSA obtains the optimal STRIKE, %TC, and
%nonGap on all test cases. For BB30008, both MOABC-MSA and MOEA/D
obtain the optimal %TC. For BB30015 and BB50010, MOEA/D obtains the
optimal %TC. For BB40048, results of NSGA-II obtain the best %nonGap. For
the other test cases in RV30, RV40, and RV50, MOABC-MSA outperforms the
compared algorithms in both the three objectives.
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Table 5. Comparison on RV40

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB40001 STRIKE 3.50 2.99 3.45 3.47 3.09 3.14

%TC 0.42 0.23 0.36 0.33 0.27 0.29

%nonGap 31.13 27.62 30.75 30.90 28.84 27.56

BB40013 STRIKE 3.79 3.22 3.67 3.54 3.48 3.26

%TC 0.33 0.21 0.29 0.27 0.20 0.26

%nonGap 31.01 27.45 29.84 29.98 27.59 25.86

BB40025 STRIKE 3.59 3.44 3.53 3.58 3.32 3.17

%TC 0.38 0.26 0.34 0.25 0.27 0.30

%nonGap 29.03 25.34 28.77 27.40 24.59 22.05

BB40038 STRIKE 3.33 2.98 3.21 3.25 3.08 3.04

%TC 0.36 0.28 0.35 0.35 0.33 0.29

%nonGap 29.88 26.36 29.24 29.34 28.37 27.75

BB40048 STRIKE 3.47 3.05 3.36 3.42 3.06 3.11

%TC 0.27 0.22 0.24 0.25 0.18 0.20

%nonGap 29.97 26.58 30.13 28.44 27.93 26.55

Table 6. Comparison on RV50

Test case MOABC-MSA HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB50001 STRIKE 2.11 1.88 1.97 2.04 1.83 1.65

%TC 0.39 0.27 0.35 0.33 0.28 0.31

%nonGap 70.05 55.93 69.90 67.34 62.98 63.51

BB50005 STRIKE 2.03 1.48 1.95 1.88 1.57 1.62

%TC 0.35 0.30 0.34 0.33 0.24 0.25

%nonGap 69.01 62.48 68.45 63.44 61.50 60.24

BB50010 STRIKE 1.89 1.56 1.84 1.80 1.61 1.69

%TC 0.36 0.26 0.36 0.37 0.25 0.32

%nonGap 63.33 59.02 62.75 60.45 59.93 57.28

BB50016 STRIKE 1.89 1.37 1.88 1.67 1.34 1.42

%TC 0.32 0.19 0.30 0.31 0.24 0.25

%nonGap 64.01 58.99 63.90 61.52 59.31 60.04

4.2 Hypothesis Results

This paper uses the Wilcoxon signed-rank hypothesis test to investigate the
difference between the performance of the MOABC-MSA and results of the
competitors. The objective values of each solution is normalized to real num-
ber between zero and one, then the normalized solutions are evaluated by the
IGD indicator [14]. The IGD indicator works out a scalarized score for each non-
dominated solution set. Finally, the IGD value of each solution set is utilized in
the hypothesis test. Table 7 shows the p-values between results of MOABC-MSA
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Table 7. Comparison on BAliBASE test cases

Test case HMOABC NSGA-II MOEA/D GAPAM MO-SAStrE

BB11001 0.005 0.005 0.005 0.005 0.005

BB11005 0.005 0.005 0.005 0.005 0.005

BB11018 0.005 0.005 0.005 0.004 0.05

BB11020 0.005 0.005 0.005 0.05 0.05

BB12001 0.05 0.005 0.05 0.05 0.05

BB12013 0.005 0.005 0.005 0.005 0.005

BB12022 0.005 0.003 0.004 0.005 0.005

BB12035 0.005 0.005 0.005 0.005 0.005

BB12044 0.005 0.005 0.005 0.005 0.005

BB20001 0.005 0.01 0.05 0.005 0.005

BB20010 0.005 0.05 0.01 0.01 0.01

BB20022 0.005 0.01 0.01 0.005 0.005

BB20033 0.005 0.05 0.01 0.005 0.005

BB20041 0.005 0.05 0.05 0.005 0.005

BB30001 0.005 0.005 0.01 0.005 0.005

BB30008 0.005 0.005 0.005 0.005 0.005

BB30015 0.005 0.01 0.01 0.005 0.005

BB30022 0.005 0.01 0.01 0.005 0.005

BB40001 0.005 0.05 0.05 0.005 0.005

BB40013 0.005 0.01 0.01 0.01 0.01

BB40025 0.01 0.05 0.0 5 0.005 0.01

BB40038 0.005 0.01 0.01 0.005 0.005

BB40048 0.01 0.01 0.10 0.01 0.01

BB50001 0.005 0.005 0.01 0.005 0.005

BB50005 0.005 0.01 0.05 0.005 0.005

BB50010 0.005 0.10 0.10 0.01 0.01

BB50016 0.005 0.05 0.10 0.005 0.01

and results of the peer algorithms. The significance level is set at 0.05 in this
paper. If the p-value is less than 0.05, it indicates that the result of MOABC-MSA
is significantly better than the result of the competitor. According to Table 7,
except for BB40038, BB50010, and BB50016, MOABC-MSA outperforms all its
competitors in the test cases.

Experimental results show that MOABC-MSA can obtain better solution on
all objectives when optimizing the three-dimensional multi-objective MSA prob-
lem. This result means that MOABC-MSA not only obtains solutions that are
close to the PF of the problems, but also obtains uniform solution distribution.
In other words, MOABC-MSA achieves a good balance between convergence and
diversity of solutions.
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4.3 Further Analysis

The computation complexity of the employee phase and the onlooker phase is
O(N2). Therefore, the computation complexity of the MOABC-MSA is O(N2).

Compared to other heuristic multi-objective algorithms, the proposed algo-
rithm uses three kinds of searching strategies alternately. Therefore, MOABC-
MSA can balance the convergence and diversity during the searching process.
Different from existing ABC-based algorithms, MOABC-MSA uses a roulette
wheel selection according to the performance in Pareto dominance relationship.
The selection strategy uses the information of non-dominated solutions to accel-
erate the convergence to the PF.

5 Conclusion

This paper proposes MOABC-MSA, an artificial bee colony optimization algo-
rithm for solving MSA problem. The proposed algorithm considers both the
convergence performance and the distribution of the alignments. The employed
bees not only make the food sources converge to the PF, but also ensure the dis-
tribution of the food sources can reflect the real shape of the PF. The onlooker
bees of MOABC-MSA accelerates the converging of food sources by utilizing
high-quality solutions. MOABC-MSA uses the scout bee to avoid the local opti-
mum. The comparative study on BAliBASE 3.0 verifies that MOABC-MSA has
competitive performance. For the future study, improving the efficiency is a
tough task and promising research direction.
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