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Abstract: The computational discovery of DNA motifs for previously uncharacterized transcription factors in 
groups of co-regulated genes is a well-studied problem with a great deal of practical relevance to the biologist. 
In this paper, we applied an improved hybridization of adaptive Biogeography-Based Optimization (ABBO) 
with differential evolution (DE) approach, namely ABBO/DE/GEN, to predict motifs from DNA sequences. 
ABBO/DE/GEN adaptively changes migration probability and mutation probability based on the relation 
between the cost of fitness function and average cost every generation, and the mutation operators of BBO are 
modified based on DE algorithm and the migration operators of BBO are modified based on number of iteration 
to meet motif discovery requirements. Hence it can generate the promising candidate solutions. Statistical 
comparisons with some typical existing approaches on three commonly used datasets are provided, which 
demonstrates the validity and effectiveness of the ABBO/DE/GEN algorithm. Compared with BBO/DE/GEN 
approaches, ABBO/DE/GEN performs better, or at least comparably, in terms of the quality of the final 
solutions. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

The Motif Discovery Problem (MDP) is applied 
to the specific task of discovering novel Transcription 
Factor Binding Sites (TFBS) in deoxyribonucleic 
acid (DNA) sequences [1]. The study of MDP has not 
only specific biological meaning to regulate the 
transcriptional activity of genes but also helps us to 
clarify the evolutionary relationship between 
sequences and understand the functions of sequence 
regulations. However, the motifs are relative short, 

recurring, conservative patterns in the regulatory 
regions of DNA. This leads to MDP a computational 
non-trivial task, thus many research efforts have been 
devoted to this hot topic in the fields of 
bioinformatics communities. 

Biogeography-based optimization (BBO) 
algorithm (Simon, 2008) [2] is based on the 
mechanism of the species migrating from one island 
to another in nature. Based on two main operators, 
migration and mutation, BBO is of good exploitation 
ability. However, it is slow exploring of the search 
space. On the other hand, DE is good at exploring the 
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search space. In order to balance the exploration and 
the exploitation of BBO, a hybrid BBO approach 
called BBO/DE/GEN is proposed for MDP in [3]. 
Experiment results illustrate effectiveness of 
BBO/DE/GEN. In order to improve performance of 
BBO/DE/GEN, ABBO/DE/GEN is proposed and 
shows good performance at test functions in [4]. So in 
this paper we attempt to solve motif discovery 
problem by hybridizing adaptive BBO with DE 
algorithm named ABBO/DE/GEN algorithm. 

In this paper, we proposed an ABBO/DE/GEN 
algorithm, which incorporates the mutation procedure 
inherited from DE to replace the BBO-based 
mutation, for solving motif discovery problem. And a 
new migration operator is proposed based on number 
of iteration to improve performance. And 
ABBO/DE/GEN adaptively changes migration 
probability and mutation probability based on the 
relation between the cost of fitness function and 
average cost every generation, to predict motifs from 
DNA sequences. Statistical comparisons with some 
typical existing approaches on three commonly used 
datasets are provided, which demonstrates  
the validity and effectiveness of the proposed 
improved adaptively hybrid algorithm for motif 
discovery problems.  

The remainder of the paper is organized as 
follows. The hybrid algorithm for the motif discovery 
problems is proposed in Section 2. Experimental 
results and Comparisons with some existing 
approaches are provided in Section 3. Finally, we 
draw the conclusions in Section 4. 
 
 

2. ABBO/DE/GEN for MDP 
 

In this paper, we attempt to solve motif 
discovery problem by ABBO/DE/GEN algorithm. 
Objective function of motif discovery problem and 
Main procedure of ABBO/DE/GEN algorithm for 
MDP are introduced as follows. 
 
 

2.1. Objective Function of Motif Discovery 
Problem 

 

For a set of N sequences S={S1,S2,…,SN}, each of 
which is formed by nucleotides from the finite 
alphabet Σ={A,C,G,T}, where the length of each 
sequence is l, the motif discovery is to find a set of 
instances M={m1,m2, …,mn} (n ˂ N), where mi is a 
subsequence of length w from sequence Si. For the 
purpose of explore motifs we use a total fitness score 
function which is similar to [5], we also do some 
modification to adapt to our BBO algorithm and 
describe it below [6]. So, we consider the fitness 
score of one single sequence, defined as follows: 
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where S is the sequence sets of DNA, P is the 
population sets of algorithms, m is the index of 
sequences, n is the index of motif patterns, w is the 
length of motif pattern P, and L is the sum value of 
the number of all the continuous mismatched 
segments minus one, it reflects the multiple sequence 
alignment phenomena biologically. 

The total fitness score (TFS) function of an 
individual is the summation of fitness score function 
for all sequences. We establish the total fitness score 
function as follows. Clearly, the bigger is the value of 
TFS, the better is motif pattern. 
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2.2. Migration Operator for MDP 
 

In BBO, there are two main operators: migration 
and mutation. Modified migration operator is a 
generalization of the standard BBO migration 
operator and which is motivated from [7]. Modified 
migration is defined as 
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where iH  is the ith candidate solution in the BBO 

population, s is its solution feature, and t is number of 
iteration, maxt  is maximum number of iteration. 

Eq. (3) means that a solution feature of solution iH  

is comprised of two components: a feature from 
another solution and a feature from itself. 
 
 
2.3. Mutation Operator for MDP 
 

In BBO, if a solution is selected for mutation, 
then it is replaced by a randomly generated new 
solution set. This random mutation affects the 
exploration ability of BBO. In MDBBO, modified 
mutation operator creates new feasible solution by 
inheriting from DE to replace the BBO-based 
mutation. A mutated individual SIV ( )( jHi ) is 

generated according to the following equation 
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where )( jHi is the parent SIV to be mutated, F is the 

mutation scaling factor. )(),( 21 jHjH rr is the randomly 

selected SIV ( ],1[ popsizer ). In MDBBO, this 
mutation scheme tends to increase the diversity 
among the population. It acts as a fine tuning unit and 
accelerates the convergence characteristics of the 
original algorithm.  
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2.4. Adaptive BBO 
 

There are modification probability and mutation 
probability factors in BBO. The two factors which 
range from 0 to 1 are defined by users. When 
generated random number is less than modification 
probability, the program executes migration operator; 
when generated random number is less than mutation 
probability, the program executes mutation operator. 
In adaptive BBO algorithm, modification probability 
and mutation probability are modified in term of the 
relation of the cost of fitness function generated last 
generation to average cost. In other words, if the cost 
of fitness function is equal or greater than average 
cost, modification probability and mutation 
probability are modified by equation (5) and 
equation (6) respectively. Otherwise, modification 
probability and mutation probability are not changed. 
In equation (5) and equation (6), constant factor k1 
and k3 which range from 0 to 1 are defined by users. 

 
 

AvgCost)-/(MaxCost

t)fitnessCos-(MaxCost*k1 P onmodificati 
 (5) 

 

AvgCost)-/(MaxCost

t)fitnessCos-(MaxCost*k3Pmutation 
 (6) 

 
 
2.5. Main Procedure of ABBO/DE/GEN  

for MDP 
 

By incorporating the above-mentioned migration 
operator and mutation operator into BBO, and 
modification probability and mutation probability are 
modified in term of the relation of the cost of fitness 
function to average cost generated every generation. 
The ABBO/DE/GEN approach is developed and 
shown in Algorithm 1. ABBO/DE/GEN is able to 
explore the new search space with the mutation 
operator of DE and to exploit the population 
information with the migration operator of BBO. 
This feature overcomes the lack of exploration of the 
original BBO algorithm. Note that the difference 
between ABBO/DE/GEN and the BBO/DE/GEN 
algorithm is that modification probability and 
mutation probability are adaptively modified. Our 
proposed ABBO/DE/GEN approach for MDP is 
described as follows. 

 
 

Algorithm 1: The main procedure of ABBO/DE/GEN for MDP. 

Input: The Sequences S 
Output: The Best Motif Instance and corresponding Total Fitness Score (TFS) 
1. Generate the initial a set of solutions to MDP. Modification probability, 

mutation probability, elitism parameter, number of iterations 
2. Evaluating the fitness function for each candidate motif by formula (2).  
3. While the halting criterion is not satisfied do  
4. For each individual, map the fitness to the number of species 
5. Calculate the immigration rate i  and the emigration rate i for each 

individual iX  

6. Modify the population with the migration operator by Eq.3. 
7. Modify the population with the mutation operator by Eq.4. 
8. Evaluating the fitness function 
9. Sort the population from best to worst 
10. Replace the worst with the previous generation's elites. 
11. Clear any duplicates by randomly population mutation. 
12. Evaluating maximum cost, minimum cost and average cost of the 

population 
13. Modify the Modification probability and mutation probability based on 

section 2.4. 
14. End while 

 
 
3. Experiments 
 

We have tested ABBO/DE/GEN for MDP on 
three real sequence datasets which were selected 
from TRANSFAC database [8]. A dataset consists of 
sequences with motif instances already tagged. 
Therefore we can use these datasets as a benchmark 
for the discovery of TBFSs. Besides, we assume the 
widths of the motifs are known beforehand. We say a 
motif instance is correctly discovered if the predicted 

binding site is within 5 bp away from the true binding 
site. To measure the performance of ABBO/DE/GEN 
for MDP and other algorithms, we adopt the standard 
metrics of Precision, Recall and F−score as defined 
in Eq. 7 [9], where the operator |·| is the cardinality of 
the set. After we find the candidate instances 
computationally, the results need to be verified in 
biological experiments. We hope for a high Precision 
and a high Recall. F−score mixes Precision and 
Recall since there is a tradeoff between Precision  
and Recall.  
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The three real datasets are hm03r, mus02r and 
yst08r. The benchmark datasets are shown in Table 1. 
We have run ABBO/DE/GEN for MDP for each 
dataset 30 times with different random seeds. The 
population size is 200, and the maximal generation G 
is 50. The average results in the 30 runs are recorded. 
We have compared the performance of 
ABBO/DE/GEN for MDP to 12 different algorithms 
for MDP such as MEME and AlignACE etc. The 
results are reported by Tables 2. Table 2 shows the 
average results of the twelve algorithms in 30 runs. 
According to the F-score, ABBO/DE/GEN is the best 
on hm03r and mus02r dataset, and it is better than 
BBO/DE/GEN on hm03r and mus02r dataset, 
however it is worse than MEME, MEME3,  
and MOTIFSAMPLE on yst08r. The experiments 
demonstrate the validity of the proposed  

improved hybrid ABBO/DE algorithm for motif 
discovery problems. 
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Table 1. The setting of the benchmark datasets. 
 

dataset #sequence length
#Width of 

motifs 
#instance

hm03r 10 1500 14-46 15 

mus02r 9 1000 10-33 12 

yst08r 11 1000 12-49 14 

 
 
 

Table 2. comparisons of BBO/DE and AlignACE, MEME, etc. on the three datasets: average results  
(precisions(P), recalls(R) and F-scores(F). 

 

Algorithms for MDP 
Dataset 

Algorithms for MDP 
dataset 

Hm03 Mu02 Yst08 Hm03 Mu02 Yst08 

YMF 
P  0/25 1/12 0/11 

AlignACE 
P  0/14 0/0 9/41 

R 0/15 1/12 0/14 R 0/15 0/12 9/14 
F 0 0.08 0 F 0 0 0.33 

SeSiMCMC 
P  1/10 0/9 0/21 

MEME 
P  1/12 2/14 6/11 

R 1/15 0/12 0/14 R 1/15 2/12 6/14 
F 0.08 0 0 F 0.074 0.154 0.48 

QuickScore 
P  0/22 1/22 3/56 

MOTIFSAMPLE 
P  0/21 1/18 7/9 

R 0/15 1/12 3/14 R 0/15 1/12 7/14 
F 0 0.06 0.08 F 0 0.07 0.61 

MITRA 
P  0/10 0/9 1/12 

ANN-SPEC 
P 0/13 1/32 7/26 

R 0/15 0/12 1/14 R 0/15 1/12 7/14 
F 0 0 0.08 F 0 0.05 0.35 

Improbizer 
P  1/20 0/18 1/22 

MEME3 
P  0/7 0/0 9/17 

R 1/15 0/12 1/14 R 0/15 0/12 9/14 
F 0.06 0 0.06 F 0 0 0.58 

BBO/DE/GEN 
P  3/30 4/30 8/30 

ABBO/DE/GEN 
P  5/30 5/30 8/30 

R 3/15 4/12 8/14 R 5/15 5/12 8/14
F 0.13 0.19 0.36 F 0.22 0.24 0.36

 
 
4. Conclusions 

 
In this paper we proposed an ABBO/DE/GEN 

algorithm to predict motifs from DNA sequences, 
which incorporates the mutation procedure inherited 
from DE to replace the BBO-based mutation, and a 
new migration operator is proposed based on number 
of iteration to meet motif discovery requirements. 
And ABBO/DE/GEN algorithm adaptively changes 
migration probability and mutation probability based 
on the relation between the cost of fitness function 
and average cost every generation Statistical 
comparisons with some typical existing approaches 
on three commonly used datasets are provided; the 
experiments have verified that ABBO/DE/GEN 
algorithm outperforms BBO/DE/GEN algorithms on 
hm03r and mus02r dataset. It demonstrates the 

validity and effectiveness of the proposed improved 
hybrid algorithm for motif discovery problems. 
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