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We introduce a new motif-discovery algorithm, DIMDom, which exploits two additional 

kinds of information not commonly exploited: (a) the characteristic pattern of binding 

site classes, where class is determined based on biological information about 

transcription factor domains and (b) posterior probabilities of these classes. We 

compared the performance of DIMDom with MEME on all the transcription factors of 

Drosophila with at least one known binding site in the TRANSFAC database and found 

that DOMDom outperformed MEME with 2.5 times the number of successes and 1.5 

times in the accuracy in finding binding sties and motifs. 

1. Introduction 

One important problem in bioinformatics is understanding how genes cooperate 

to perform functions. Related to this is the subproblem of discovering motifs. 

The context behind the motif discovering problem is the following. Gene 

expression is the process whereby a gene is decoded to form an mRNA sequence 

which is then used to produce the corresponding protein sequence. In order to 

start the gene expression process, a molecule called a transcription factor will 

bind to a short substring, called a binding site, in the promoter region of the gene. 

A transcription factor can bind to several binding sites in the promoter regions of 

different genes to make these genes co-express, and such binding sites should 

have common patterns. The motif discovering problem is to discover the 

common patterns, or motifs, from a set of promoter regions without knowing the 

positions of the binding sites. However, many motifs in real biological data 

cannot be discovered by existing algorithms because the existing models [3, 8, 

12, 13, 20] that represent motifs might not be able to capture the different pattern 

variations of the binding sites. 

PSSM (Position Specific Scoring Matrix) [2, 4, 6, 7, 10, 11, 14] is the most 

common motif representation. It uses a 4 × l matrix of real numbers to represent 

a length-l motif. The j-th column of 4 numbers gives us the probability, 

                                                 
* The research was supported in parts by the RGC grant HKU 7120/06E. 

Pacific Symposium on Biocomputing 12:472-483(2007) 



 

respectively, that symbol ‘A’, ‘C’, ‘G’ or ‘T’ occupies at the j-th position of the 

motif. The goal is to discover the optimal motif matrix which maximizes the 

likelihood of the input sequences being generated according to the matrix.  

Existing algorithms assume the prior probability of each matrix being 

chosen to generate the input sequences is the same. However, this assumption is 

not correct in real biological data. Transcription factors mainly bind to the 

binding sites by substructures called active binding domains (in short, domain), 

e.g. zinc finger [23], leucine zipper [16] and homeodomain [19]. Although the 

binding sites of transcription factors with the same domain do not necessarily 

have the same patterns, they should share some common characteristics [18]. For 

example, binding sites of zinc finger usually contain the nucleotide ‘G’ regularly 

and binding sites of homeodomain usually contain the “TAAT” substring. If we 

know which domains of the transcription factors contact the binding sites, we 

can improve the accuracy of existing motif discovering algorithms by adding 

constraints on the motifs [5, 15, 21]. For some motif classes, it might be possible 

to find the motif by considering only substrings in the DNA sequences with 

certain characteristics as candidates for binding sites. However, we usually do 

not know which transcription factors or, more specifically, which domains of the 

transcription factors contact the binding sites. The approach of searching for 

substrings with characteristics of each possible motif class is not only time-

consuming, but may even fail to find the hidden motif because of the following 

two weaknesses of this approach. Firstly, the number of wrongly predicted 

binding sites might be large, e.g. many substrings in the input sequences with 

pattern [CG] . . [CG] . . [CG] are not binding sites of a motif in Class I (to be 

introduced in Section 2). Secondly, some binding sites of a motif in a particular 

class may not have the corresponding characteristics exactly, e.g. a binding site 

of motif in Class IV may contain the pattern TGA.*TGA instead of TGA.*TCA. 

A natural question is: can we improve the performance of motif discovering 

problem by knowing only the characteristics of each possible motif class? 

Narlikar et al. [17] trained 3847 binding sites in the TRANSFAC database 

and defined three motif classifiers using 1387 features. Each motif classifier can 

represent the common features for binding sites in the corresponding motif class 

precisely. However, the definition of the motif classifiers highly depends on a 

large set of training binding sites and may not capture the real common features 

of binding sites in the motif class. Xing and Karp [24] used a similar method by 

training 271 motif matrices in the TRANSFAC database which represents about 

2000 binding sites 

In this paper, we model the common features of different motif classes by 

much less parameters than the above methods (Section 2). Our algorithm 

DIMDom (Section 3), which stands for DIscovering Motifs with DOMain 
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knowledge, discovers motifs by an EM approach: the expectation step finds 

over-represented patterns in the DNA sequence, while the maximization step, 

based on the motif matrix with the maximum log likelihood, guesses the class of 

the binding site patterns according to posterior probabilities and then modifies 

the motif matrix according to the class guessed. Besides getting more accurate 

motifs, the binding sites with domain knowledge can converge to the real 

solution (motif) more quickly as shown in the experiments (Section 4) on real 

biological data when compared with the popular algorithm MEME. 

2. Our Model 

The input sequences can be broken up into length-l (overlapping) substrings X = 

{X1, X2, … , Xw} and each substring in X either belongs to a background (non-

motif) substring with a prior probability λb or belongs to an instance of the 

hidden motif M with a prior probability 1 – λb. In particular, Z = (Z1, Z2, … , Zw) 

is the missing data that determines whether Xi is generated according to the 

background probability B (Zi = 1) or the hidden matrix M (Zi = 0). The 

likelihood of some particular B, M, λb being the hidden parameters of the finite 

mixture model [2] is defined as  
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The goal of many existing algorithms [2, 4, 10] is to discover the B, M, λb with 

the maximum likelihood (or log likelihood). 

Transcription factors are protein sequences with different three dimensional 

structures. They have different substructures, or domains, for recognizing and 

binding to specific binding sites. The binding affinity of a transcription factor 

depends on whether the binding sites have certain DNA patterns match with the 

domains of the transcription factor. For example, basic helix-loop-helix proteins 

usually bind to strings with the pattern “CA . . TG” [1]. Other examples can be 

found in [16, 19, 23, 25]. 

Narlikar and Hartemink [18] analyzed 3847 published binding sites. They 

found that these binding sites can be classified into six groups with different 

occurrence counts. These counts represent the prior probabilities as shown in 

Table 1. For example, the probability Pm(2) that the hidden matrix is in Class II 

(Cys4) is approximately 734/3847. Based on this observation, we introduce the 

Bayesian Mixture Model to describe these uneven probabilities. 

Pacific Symposium on Biocomputing 12:472-483(2007) 




















