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Abstract 
Identification of transcription factor binding sites (TFBSs) or motifs plays an important role in 

deciphering the mechanisms of gene regulation. Although many experimental and computational 

methods have been developed, finding TFBSs remains a challenging problem. We propose and develop 

a novel sampling based motif finding method coupled with PSFM optimization by genetic algorithm, 

which we call Motif GibbsGA. One significant feature of Motif GibbsGA is the combination of a Gibbs 

sampling method and a PSFM optimization by genetic algorithm. Based on position-specific frequency 

matrix (PSFM) motif model, a greedy strategy for choosing the initial parameters of PSFM is 

employed. Then a Gibbs sampler is build with respect to PSFM model. During the sampling process, 

PSFM is improved via a genetic algorithm. A post-processing with adaptive adding and removing is 

used to handle general cases with arbitrary numbers of instances per sequence. So Motif GibbsGA is 

capable of discovering several different motifs with differing numbers of occurrences in a single 

dataset. We test our method on the benchmark dataset compiled by Tompa et al. (2005) for assessing 

computational tools that predict TFBSs. The performance of Motif GibbsGA on this data set compares 

well to, and in many cases exceeds, the performance of existing tools. This is in part attributed to the 

significant role played by the genetic algorithm that improved PSFM. 

 

Keywords: Motif Discovery, Gibbs Sampling, Binding Sites, Transcription Factors, 
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1. Introduction 
 

The rest of paper is organized as follows. In Section 2, we will basic thinking of our proposition. 

Section 3 gives the specific steps of this algorithm and Section 4 reveals the simulation result of DGAF 

and compares it with traditional GAF.  

In the post-genomic era, identifying regulatory elements is an important step to understanding the 

mechanisms of gene regulation. Transcription factor binding sites (TFBSs) contribute substantially to 

the control of gene expression, and because of their biological importance, much experimental effort 

has expended in identifying them. Over the past few years, there are many computational tools that 

identify TFBSs as the sub-sequences, or motifs, common to a set of sequences. The difference from 

each other chiefly in their definition of what constitutes a motif, what constitutes statistical 

overrepresentation of a motif and the method used to find statistically overrepresented motifs.  

Nearly all motif discovery algorithms fall into three general classes: pattern-based, profile-based 

and combinatorial. In profile-based algorithms, a motif is usually modeled by a 4×W position-specific 

frequency matrix (PSFM), where W is the motif‟s size in base pairs, so that each column of the PSFM 

represents the distribution of the 4nt at the corresponding position in the motif. One way of the PSFM 

estimating can be through standard statistical learning theory methods, such as maximum-likelihood 

estimation (e.g. MEME [1], The Improbizer [2]), the Markov chain Monte Carlo algorithms (e.g. 

AlignACE [3], BioProspector [4], MotifSampler [5], GLAM [6], DSMC [7]), greedy search (e.g. 

Consensus [8]), and genetic algorithms (e.g. GAME [9], GALF-P [10]). Another way of finding shared 

motifs is to compile a library of motifs which previously characterized or randomized, and assess 

whether any of these motifs are statistically over-represented in the sequences (e.g. Clover [11], 

SOMBRERO [12]). Library-based method has declared improved performance. However the existing 

tools are still not effective for discovering motifs [13,14]. For example, as shown in paper [13]‟s 
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evaluation, even the best performing algorithm has sensitivity <9% and precision <30% (sensitivity is 

percentage of true nucleotides that are predicted and precision is the percentage of predicted 

nucleotides that are true). To deal with this issue, a class of algorithms called ensemble methods has 

been proposed (e.g. MotifVoter [15]). Though the existing ensemble methods overall perform better 

than stand-alone motif finders, the improvement gained is not substantial. 

In our previous experiments, we observed that Gibbs sampling strategy tends to become too 

inefficient to identify the binding sites correctly for long input sequences. The results suggest a need 

for improving scalability of sampling based discovery algorithm, which is particularly important when 

motifs are sought from an increasing number of complete genome sequences. One way to tackle this 

problem is to import stronger global optimization techniques, such as genetic algorithms and others. 

So-called hybrid algorithms assemble the Gibbs sampling and global optimization algorithms to build a 

stronger algorithm, and extensive experiments are needed to evaluate the algorithm‟s performance. In 

this work, we present the Motif GibbsGA approach - a novel de novo motif identification approach 

inspired by Leping Li et al. (2007) [16]. Motif GibbsGA is based on Gibbs sampling coupled with 

PSFM optimization by genetic algorithm. Based on position position-specific frequency (PSFM) motif 

model, a greedy strategy for choosing the initial parameters of PSFM is employed. Then a Gibbs 

sampler is build with respect to PSFM model. During the sampling process, PSFM is improved via a 

genetic algorithm. A post-processing with adaptive adding and removing is used to handle general 

cases with arbitrary numbers of instances per sequence. We test Motif GibbsGA on the benchmark 

dataset compiled by Tompa et al. (2005) for assessing computational tools that predict TFBSs. The 

performance of Motif GibbsGA on this data set compares well to, and in many cases exceeds, the 

performance of existing tools. 

 

2. Materials and Methods 
 

2.1. Basic matrix models 
 

By far the most common representation of a motif is a position-specific frequency matrix 

(PSFM) W of length W. Each entry in this matrix gives the probability  pb,j of finding a given 

base b at position j in the binding site, such that 
,1

1i ji
p




 ,  is a finite alphabet. For a 

motif instances (substring) s=(s1,s2,…,sW) of length W in a sequence, the probability Qs of x 

given the motif model W is 

 

1 ,1
( | )

i
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
                           (1) 

 

Except for the motif instances, the remainder of the sequences is classified as nonsites, where 

each base is generated according to a specific background model. The 0-order background model 

is
0 ,0 ,0 ,0 ,0[ , , , ]A C G TB q q q q ,   this means that each base is drawn independently from a single 

discrete distribution. The m-order background model is Bm, this means that the probability of 

finding a certain nucleotide in a sequence depends on the m previous nucleotides in the sequence. 

For a segment s in a sequence, the probability Ps of segment s being generated by the 

background model Bm is given by  

 

1 11
( | ) ( | , , )

W

s W m i i i mi
P P s s B P s s s 
  .                         (2) 

 

  Corresponding to PSFM, the position weight matrix (PWM) is defined as WM , each entry 

in PWM is , , ,0ln( / )b j b j bm p q . Given a segment s, the match score of WM on s is defined as 

,1 i

W

s s ii
Score m


 .                                   (3) 
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In order to ranking the various motifs found by Motif GibbsGA, the P value of an information 

content is calculated. The P value is the probability of obtaining an information content greater 

than or equal to the observed value, given the number of sequences in the alignment and its 

width. We use the method described in MEME to calculating the P value of information content. 

The information content of the sequence alignment is defined as 

 

, , ,01 1
ln( )

W

i j i j ij i
I p p q



 
                                 (4) 

 

In what follows, we will show an efficient method (Motif GibbsGA) for discovering motifs 

based the above-mentioned models. 

 

2.2. Greedy search for choosing starting point 
 

The free parameters for a motif model based on PSFM are the motif length W and the entries 

in PSFM. One might try using randomly chosen letter frequency matrices as starting points. In 

this paper, a greedy search strategy is used to choose more intelligent ones.  

Since each W-letter segment in the search space may be a candidate of a motif, so we first 

build a precompiled library of motifs represented by PSFMs, which are constructed from one of 

the input sequences selected randomly. Each W-letter segment of the selected sequence is 

associated with a position-specific frequency matrix , which constructed as equation (5). 

 

,
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          if 
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 otherwise.
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Where , 1/ | |i    , then a PWM , , ,0ln( / )i j i j im p q  is also defined. Next each 

W-letter segment in the search space is matched to one of the motifs in the library based on the 

match score‟s P value. A W-letter segment is matched to one of the motifs with the smallest 

match score‟s P value. Following Bailey, and Gribskov (1998) [17], we obtain the match score ‟s 

P value by calculating the cumulative density function. Let ( ) ( )kM x  be the match score 

probability density function for the motif PWM matrix if it consisted of only its first  k columns, 

then the density for the matrix consisting of the first k+1 columns is 

 

( 1) ( )

, 1 ,01
( ) ( )k k

j k jj
M x M x m q




  .                         (6) 

 

To start the induction, set 
(0) (0) 1M  and

(0) ( ) 0M x  for x>0. After W iterations, 
( ) ( )WM x contains the probability density for matching the motif with a random W-letter segment, 

from which the P value of the match score of a motif WM on segment s is 

 
( )( ) ( ).

s

W

s x Score
P Score M x


                               (7) 

 

Finally every W-letter segments have matched to a motif in the library, but only one of the 

alignment matrices, which has the smallest P value of an information content, is saved as the 

start point. 

 

2.3. Site sampler 
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Every possible segment of width W within a sequence is considered as a possible instance of 

the motif. Site sampler finds one occurrence per sequence of the motif in the dataset. Based on 

the probabilities Ps and Qs, the weight
s s sA Q P is assigned to segment s, and with each segment 

within a sequence so weighted. Thus, a motif instance can be randomly drawn from all possible 

segments with probability proportional to Ax. The implementation of our site sampler algorithm 

is based on the original Gibbs sampling algorithm previously described by Lawrence et al. [18]. 

The terminating condition of our site sampler is either after a user-specified maximum number 

of iterations (by default 500) or until the change in W (Euclidean distance) falls below a 

user-specified threshold (by default 10
-6

). 

 

2.4. PSFM optimization by genetic algorithm 
 

PSFM optimization is applied during the site sampling process, and substantially increased 

the sensitivity/specificity of a poorly estimated PSFM, and further improved the quality of a 

good PSFM. We use a genetic algorithm inspired by Leping Li et al. (2007) [16] for PSFM 

optimization. The method is described as follows. 

1. Initialization: We made 100 „clones‟ of the starting PSFM, which estimated by site sampler, 

to form a „population‟. Different population sizes can be used. 

2. Mutation: All except the raw PSFM were subject to mutation. For each PSFM to be mutated, 

n (the number of columns subject to mutation) was randomly generated from the following 

distribution, ( ) 1/ 2 , 2, ,kP n k k W   , and
2

( 1) 1 1/ 2
W k

k
P n


   . Next, n columns 

were randomly selected with equal probability for the W columns. For each column chosen, 

one of the four bases was then randomly selected and a small value,  d, was added to or 

subtracted from pi,j with equal probability. Mutation was performed independently for each 

selected column. After mutation, we set negative values to 0 and standardized each column. 

We typically set the value of d to 0.05 for the first 100 iterations of site sampler and to 0.02 

for the remaining iterations of site sampler. Convert all the PSFMs to PWMs. 

3. Substring assignment: After mutation, a W-letter segment in the search space is matched to a 

PWM if and only if their match score‟s P value little than the threshold Pth (such as 10
-3

 

or10
-4

). 

4. Fitness evaluation: The P value of the information content is used as the fitness score. The 

alignment matrix with the smallest P value is kept down for the remainder of site sampler 

iterations. 

 

2.5. The description of Motif GibbsGA 
 

Site sampler finds one occurrence per sequence of the motif in the dataset. To further extend 

Motif GibbsGA, we use a simple scan procedure to extract additional motif sites within a set of 

sequences. Site sampler obtained an optimum PWMopt. Start from this PWMopt configuration, 

our scan algorithm cycles through all remaining potential motif sites, and selects any additional 

sites that give the statistical significance of the match score (the threshold P value, Pth, is given 

by user). In other word, if P(Scores) is the P value of the match score of a motif 
WM on segment 

s, then we accept this addition if and only if P(Scores)<Pth.  

In order to finding more than one motif in a set of sequences, Motif GibbsGA uses an 

iterative-masking approach: the binding sites of a discovered motif are masked out of the 

sequence dataset and then Motif GibbsGA is re-applied to this masked dataset to find additional 

motifs. The pseudo-codes of Motif GibbGA is shown in Table 1. 
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Table 1. Pseudo-code of Motif GibbsGA 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3. Results 
 

The datasets are available as a benchmark at the assessment web site http://bio.cs.washington.edu/ 

assessment/. 

These datasets comprised of eukaryotic binding sites belonging to 52 transcription factors 

representing four different species, 6 belonging to fly, 26 belonging to human, 12 belonging to mouse 

and 8 belonging to yeast. The binding sites of each transcription factor were presented in three different 

background models, „real‟, „generic‟, and „Markov‟. For each of the different type of background 

model, the known positions of the binding sites were kept unchanged. Four additional datasets of type 

„Markov‟ containing no planted binding sites were included as negative controls. Using these datasets 

Tompa et al. evaluated the performance of 13 different computational tools for de novo prediction of 

regulatory elements. We evaluated Motif GibbsGA on these datasets according to the performance 

measures described in Tompa et al. and compared it to the 13 tools evaluated in that paper. The 

comparative results of this evaluation are described as below. 
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Figure 1. Combined measures of correctness over all 56 data sets 

Procedure Motif GibbsGA 

Begin 

S: dataset of sequences; Wmin: the minimum width of the motif; Wmax: the maximum width of 

the motif; Wstep: increase step for motif width. 

For W= Wmin to Wmax by Wstep Do 

Greedy search for choosing starting point ( W ) from dataset S; 

    While (t < Iterationmax and Euclidean distance (
t

W ,
1t

W


) < 10-6) Do 

      Run site sampler; 

      If (t % 20 == 0) 

         PSFM optimization by genetic algorithm; 

      End If 

End While 

Extract additional motif sites if and only if P(Scores)<Pth. 

    Print the motif instances, calculate the P value of the information content; 

    “Erase” occurrences of best motif found above; 

  End For 

End 
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Figure 2. Correlation coefficient (nCC) by species 
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Figure 3. Correlation coefficient (nCC) by data set type 
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Figure 4. Comparison of using or not using genetic algorithm 

 
For Motif GibbsGA, we set Wmin=6, Wmax=12, Wstep=1, Iterationmax=1000 and Pth=10

-4
, use the 

3-order background model. Figure 1 shows the comparative results for the seven statistics, 

nucleotide-level sensitivity (nSn), nucleotide-level positive predictive value (nPPV), 

nucleotide-level performance coefficient (nPC), nucleotide-level correlation coefficient (nCC), 

site-level sensitivity (sSn), site-level positive predictive value (sPPV) and site-level average site 

performance (sASP), which summarized over all 56 datasets, regardless of species or 

background model. The Motif GibbsGA outperforms the other tools in all indicators except for 

Weeder. Figure 2 gives the breakdown of the performance, high-lighted by the correlation 

coefficient, nCC, of each tool on the datasets of the different species (regardless of the 

background model). From Figure 2, we can see that Motif GibbsGA does better than most of the 

other tools in all species. Figure 3 breaks down the datasets according to the different 

background models, „real‟, „generic‟ and „Markov‟ (regardless of the species). Motif GibbsGA 

performs better than most of the other tools in prediction motifs in all the three background 

models. 

From Figure 3, we can see that Motif GibbsGA does better than all the other Gibbs or 

Gibbs-like based method (ANN-Sped, AlignACE, GLAM, MotifSampler and SeSiMCME), this 
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is in part attributed to the significant role played by the genetic algorithm that improved PSFM. 

Gibbs sampling is a heuristic search algorithm, the performances of this method are subject to 

potential suboptimal solutions in the search space. One way to tackle this problem is to import 

stronger global optimization techniques, such as genetic algorithms and others.  In order to see 

the effect of genetic algorithm, we delete the PSFM optimization step, and run the program on 

the same datasets. Figure 4 gives the result, and compared to that of Motif GibbsGA.  

 

4. Discussion 
 

We have developed a novel de novo motif identification approach based on Gibbs sampling 

coupled with PSFM optimization by genetic algorithm, which we implemented in our software 

Motif GibbsGA. We test Motif GibbsGA on the benchmark dataset compiled by Tompa et al. 

(2005) for assessing computational tools that predict TFBSs. The performance of Motif 

GibbsGA on this data set compares well to, and in many cases exceeds, the performance of 

existing tools. From the result, we can see that here are considerable differences in results from 

these different programs, which is due to the existence of a large number of possible solutions. 

Optimization algorithms such as ANN-Sped, AlignACE, GLAM, MotifSampler, SeSiMCME 

and MEME can locally optimize their motif discovery results, but the inherent multimodality of 

the solution space restricts these local optimization procedures from exploring many different 

solutions. The Motif GibbGA framework allows a greater flexibility of movement around the 

solution space by applying an evolutionary process to an entire population of possible solutions.  

Despite considerable effort to date, it remains a complex challenge for computational 

biologists to convincingly predict regulatory elements in DNA sequences. Further efforts will be 

put in for several issues, the most important ones of which are the correlation between motif 

positions [19], motif positional information [20] and synergistic relationships between 

transcription factors [21]. As the complexity of these models increased, the need for 

sophisticated algorithms for finding optimal solutions to these models will become increasingly 

important. 
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