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Abstract 

Gene transcription is one of the main biological processes that govern an organism’s response 

to external stimuli. Understanding the mechanism of gene regulation offers an avenue with 

which to model this response. It has been hypothesized that one of the primary mechanisms for 

gene regulation is via transcription factor binding in which a protein (transcription factor) binds to 

certain sequences in the genome. Computationally, researchers hope to identify both the 

promoter region as well as the sequence motifs which are bound by transcription factors via 

analysis of genomic sequences. Machine learning methods make the hypothesis that these 

sequences are drawn from some underlying but unknown patterns of base-pairs, and are 

attractive due to their ability to processes the large amounts of sequence and experimental data 

present.  The ability to isolate these sequences is predicated upon the large amount of binding 

and expression data from experimental protocols such as Chip-Chip, SELEX, microarray, and 

GRIP. We review the basic background of promoter structure and then focus on three popular 

aspects of promoter studies: promoter prediction, promoter analysis, and promoter modeling. 

The paper will cover widely used computation techniques such as Gibbs sampling, MEME, 

phylogenetic foot-printing, and position weight matrices in promoter analysis, motif alignment 

and promoter modules in promoter modeling. Finally, this manuscript will describe the use of 
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these algorithms in an integrative sense to isolate regulatory modules to rationalize the results 

of experimental data. 
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Introduction 

Since the discovery of the structure of DNA [7, 8], biology has advanced from a descriptive  

science to a more quantitative field. The central dogma of molecular biology laid the foundations 

of modern biology by characterizing the importance of DNA transcription in cellular function. 

One of the most influential aspects of gene regulation is the structure of the genomic region 

located upstream of the coding region, known as the ‘promoter’, as the binding of regulatory 

proteins in this domain critically affects the transcription to mRNA, the initial step in gene 

expression that controls effectively all biological processes such as development, proliferation, 

apoptosis, aging, and differentiation [9]. Consequently, a small change in the process of 

regulation have significant implications in the cell fate [10].  

The completion of the human genome sequencing in 2003 [11] and the numerous related 

genome projects, high-throughput technologies such as ChIP-chip [12, 13], SELEX [14, 15] 

make promoter-related studies feasible. With the aim of deciphering the regulatory mechanism 

of the cell in response to diverse stimuli, the interplay between trans-factors and cis-regulatory 

elements has become an active area of research [16]. Although experimental techniques can 

help discover such crucial cis-regulatory elements and their implication in the regulation of gene 

expression, they can only partially address the complexities associated with gene regulation and 

transcription. Among the main difficulties is the fact that high-throughput experimental 

techniques produce enormous amounts of data, making it difficult to analyze with traditional 

approaches. As a result, computational algorithms, and especially machine learning techniques, 

have become an essential tool in accelerating the analyses of these experimental studies.  

To provide a basic platform of computational methods relevant to promoter studies within the 

content of sequence analysis, in this brief review we begin by introducing the basic elements of 

promoter structure and then discuss three main aspects of computational promoter sequence 
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analysis in the current literature with basic concepts and relevant algorithms. We also discuss 

available tools and their relevance in current research. 

Basic elements of promoter structure 

Promoters are DNA sequences located upstream the coding region of each gene towards the 5’ 

endpoint. Combined with other regulatory elements in the upstream region of a gene, these 

elements in the promoter region interact with transcription factors, recruit RNA polymerases, 

and then initiate the transcription of a gene.  

There are three classes of promoters that are recognized by three corresponding RNA 

polymerases (Figure 1): 

• Class I promoters are made up of two regions, an upstream control element (UCE) and 

a core promoter.  They serve for the regulation of ribosomal RNAs synthesis(5.8S, 18S, 

and 28S rRNAs). 

• Class II promoters are mainly involved in transcribing protein-coding genes which 

generate pre-mRNAs and almost all small nuclear RNAs (snRNAs). Each member of 

this class consists of a core promoter, proximal promoter elements and distal regulatory 

elements. 

• Class III promoters have three types: type I and II are internal promoters that regulate 

the synthesis of 5S rRNAs and tRNAs and interact with sites in the RNA polymerase. 

Type III promoters are upstream promoters similar to class II promoters and regulates 

the synthesis of some snRNAs or viral-associated RNAs [17].  

Figure 1 
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Although the process of gene expression is regulated at many levels e.g. genomic level, 

transcriptional level, RNA processing level, translational level, or post-translation level, promoter 

regions and regulatory elements are still considered as one of the most important factors [10]. 

Since proteins in eukaryotes are mostly transcribed by RNA polymerase II, computational 

promoter studies are mainly focused on protein-coding genes, in this review we will concentrate 

on the structure of class II promoters (Figure 2a) which are characterized by the core promoter, 

proximal- and distal- promoter elements [9]. 

Core promoter is a small stretch sequence about 100bp flanking the transcription start site 

(TSS) which incorporate a combination of four common components consisting of the TATA 

box, initiator  (Inr), TFIIB recognition element  (BRE), and the downstream promoter element 

(DPE) [18, 19]. This serves for the initiation of the transcription process (Figure 2b). The TATA 

box, the binding site for TATA-binding protein (TBP), is a TA-rich site at 26-31bp upstream in 

higher eukaryotes and 40-120bp upstream in yeast [20]. Inr, also called the Transcriptional Start 

Site (TSS), is the start position located in the core promoter and functions similarly to the TATA 

box [19]. A comprehensive statistical analysis on a dataset with more than 10,000 human 

promoter from EPD [21, 22] and DBTSS [23] demonstrated that it is not necessary for all these 

components to be simultaneously present in the core promoter [24]. Specifically, Inr elements 

are present in nearly half of the promoters whereas TATA boxes are present in only around 

10% of the promoters in the dataset and seem to simultaneously present with the Inr elements. 

BRE and DPE elements are present about 25% of the time. Furthermore, the presence of DPE 

is independent of the presence of TATA-box and Inr elements whereas BRE-containing 

promoters are present in TATA-less promoters. Besides these elements, a number of other 

motifs in this region e.g. YY1, CAAT, CREB, etc. were also discovered in an analysis on a set of 

high-quality human core promoters [25], These features became important criteria to scan for 

approximately promoter regions in promoter prediction (section 3). 
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Proximal promoter elements are located on the proximal promoter which is defined as the 

region up to 1Kbp upstream of the core promoter. The presence and importance of these cis-

regulatory elements were characterized via a technique called linker-scanning mutagenesis [26] 

which showed that any mutation at one site in a regulatory element in this region can cause a 

significant change in transcription levels. Elements in the region between -350 and -40 have the 

positive effect on the promoter activity whereas those in the region from -350 up to -1000 

appear to have a negative regulation on the expression of the gene [10].  

Besides cis-regulatory elements, another feature of the proximal promoter region is the 

appearance of CpG islands which are short stretches of unmethylated DNAs (~200bp) with GC 

percentage higher than 0.5 (i.e. pC + pG > 0.5) and an observed/expected CpG ratio greater than 

0.6 (i.e. pCpG > 0.6 x pC x pG) [27]. They are frequently located in or near the promoter regions 

with more than 40% promoters of mammalian genes (about 70% in human promoters) [28] and 

in fact, their presence implies the existence of the promoter region [29]. 

Distal regulatory elements are characterized by four regulatory groups (Figure 2c). Enhancers 

work as cis-regulatory elements near the TSS with the positive effects on promoter activity and 

in many cases, they both share the same activators [30]. Silencers are bound by repressors to 

negatively regulate the expression. The third group is insulators which are similar to a wall, 

preventing the mutual transcriptional effects of regulatory elements between neighbor genes. 

The last is a combination of different regulatory elements (known as locus control regions 

(LCRs) which regulate an entire locus or a number of genes [31]. These trans-regulatory 

elements function in the same way as cis-regulatory elements although they are located far from 

the TSS and work under the control of trans-acting factors[9]. 

Figure 2 
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Computationally, it is hypothesized that the regulatory elements are subsequences in a DNA 

sequence that exhibit significant conservation. The hypothesis is that functional regions are 

conserved during evolution compared with non-functional regions even though they are located 

on non-coding sequences [32, 33] due to the importance they have upon an organism’s 

evolutionary fitness. With the large amounts of current experimental data, machine learning 

techniques have become an indispensable tool to exploit these conserved regions for 

understanding the underlying mechanism of regulatory processes. A list of databases relevant 

to promoter studies is displayed in Table 1. 

Table 1 

General Problem Definition 

Given a dataset { } { }idiii
N
iii xxxXYXD ...,,, 211 == =  where { }iXX =  is a set of objects and idx is a 

numeric value for the corresponding attribute d of object { }ii YYX =;  is a corresponding set of 

labels associated with each object in the data set. If Y  is not known, the problem becomes one 

of unsupervised learning. Otherwise, if Y  is known, either as a binary value {TRUE, FALSE}, 

discrete attribute or continuous value, the problem becomes a supervised learning problem. Of 

particular importance to this work are binary classification problems which samples belong to 

discrete categories. This is because multi-class problems can be reduced to binary classification 

problem in an all-against-one or one-against-one framework. In the context of promoter 

analysis, binary problems are relevant since the usual question is to decide whether a segment 

of DNA sequence is a promoter or whether a given promoter defines or not a regulatory 

element. 

A common framework of current aspects in promoter sequence analysis is presented in Figure 

3. Promoter prediction is a process of learning a mapping YXf →:   to decide whether a 
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subsequence DNA is a promoter. X  now becomes a set of sequences with each attribute 

corresponding to a base in the sequence, a K-base pair window extracted from the sequence, 

or a numeric value if the original form of the sequence is transformed. More generally, this is still 

a process of learning motifs on DNA sequences to differentiate between promoter regions and 

other regions on a DNA sequence in general. In promoter analysis, the main problem is to 

discover transcription factor binding sites (TFBSs) in the promoter sequence or find 

overrepresented motifs in a given set of sequences. Utilizing TFBS motif models built from 

experimental collections of TFBSs, TFBS candidates on a new sequence can be scanned. From 

those matches, promoter sequences now can be reorganized by a list of TFBSs as which it can 

be considered as a vector of promoter features used for successive analyses. 

Figure 3 

Promoter prediction 

With the completion [11] and  detailed analysis [10, 34, 35] of the human genome, the emphasis 

has now shifted towards annotating gene functionality and understanding the regulatory network 

behind. Promoter prediction has gradually become a common element of many gene prediction 

methods as well as a topic of research in its own right (Table 2). Given a subsequence, 

identifying whether it is a promoter or non-promoter became an important problem in gene 

discovery. Even when a large number of experimental methods e.g. oligo-capping [36], CAP-

trapping [37], expressed sequence tags, cDNA/mRNA are applied, the TSS location cannot be 

easily determined [38]. Therefore, an alternative is to use computational techniques to support 

some part the process, reduce the wet-lab labor, and guide back experimental biologists. The 

problem can be summarized into three systematic steps as follows. 

Problem definition 
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(1a) Given a DNA sequence { } { }TGCAsss l
L
ll ,,,,,1 =ΑΑ∈= = , extract a feature vector 

{ } RxNdxxxx id ∈∈= ,,,..., 21  from s. 

(1b) Given a dataset { } { } NdRx
notif
promoterif

YxxxXYXD idiidiii
N
iii ∈∈

⎩
⎨
⎧
−
+

=== = ,,
1
1

,...,,, 211 , 

learn a model M to predict whether a DNA subsequence s that is characterized by feature 

vector as iX  is a promoter or not. 

(1c) Given a promoter prediction model M; for a new long sequence S (a new chromosome or a 

new genome sequence), scan all possible promoter regions s. 

Experimental biology may need the support of promoter prediction programs (PPPs) for two 

critical tasks: (i) search for TSSs or alternative TSSs in a sequence and (ii) search for unknown 

genes in targeted chromosomal segments or in the throughout the chromosome [39]. However, 

the problem turns to be more complicated since current data suggest that a gene might have 

multiple promoters, each of which can have different TSSs instead of the traditional idea that 

one gene has one promoter with one corresponding TSS. Furthermore, in mammalian 

genomes, transcription can initiate at unusual points around the gene regions, e.g. intergenic 

regions far from known genes, 3’ UTR, coding exons or introns [40]. What makes the process 

more difficult is the lack of a ground truth from which to evaluate the results of TSS prediction. 

Consequently, an assessment of the performance of these algorithms was specifically designed 

to address how good PPPs are when used in genome-scale studies under a common test set 

with the same method to evaluate [39]. 

Datasets 
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DBTSS [23, 41] and EPD[22, 42] are the largest and main sources to provide experimentally 

determined TSSs of human genes and their corresponding promoter sequences. To get the 

data for non-promoter sequences, exons/introns and 3’ UTR sequences are collected from 

GenBank and UTRdb [43]. There are two types of PPPs; one tries to predict as accurately as 

possible the actual position of the TSS for a gene; the other attempts to find approximately the 

promoter regions near the TSSs. However, the data can be generalized into the same format for 

learning and testing but the extracted features depend on the strategy of each PPP. 

Each promoter sequence of length L contains a TSS, n bp upstream and m bp downstream of 

the TSS (L = n + m) (Figure 4a). There are two ways to evaluate the model depending on 

whether we study question 1b or 1c. A local test will evaluate the model on the test set which is 

a part of the extracted dataset and used for problem 1b; if an actual promoter sequence was 

predicted as a promoter sequence or a sequence containing a TSS, it will be considered as a 

true positive and so on; the dataset has a clear separation of promoter set and non-promoter 

set. A global test will evaluate the model on the real genome or chromosomes (problem 1c). At 

this point, when a promoter region is predicted, the corresponding TSS is inferred; let d be the 

maximum allowed distance from a real TSS to be considered as a correct hit; for a real TSS, if 

there is a predicted TSS falls into region [-d, +d] with the reference point at the real TSS 

location, it will be counted as a TP; otherwise, if there is no predicted TSS in this region, that will 

be considered as a FN; in the segment [+d+1, GeneEnd], if there is no predicted TSS in this 

region, it will be counted as a TN and if not, it will be counted as a FP. In the case of two or 

more genes overlapping together, refer to Figure 4b [38]. 

Figure 4 

As indicated in the early review of [44], eukaryotic promoter prediction is not an easy task and 

various algorithms have been proposed for this task. Different programs have developed 
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different strategies to extract the features of this region but in general, they can be classified into 

three categories: (1) search by signal, (2) search by CpG island, and [45] search by content 

[46].  Signals are known as motifs or statistically significant motifs that frequently appear in the 

promoter region e.g. TATA-box, CAAT-box, etc. (Figure 2). Although they can be used to 

differentiate between promoter sequences and non-promoter sequences, they are insufficient to 

get high accuracy [24, 39] by themselves. These are usually incorporated in the predictive 

model utilizing other features. The second category attempts to identify CpG-related promoter 

sequences which have different properties from non-CpG related promoters. Search by content 

utilizes a k-size window slides on the input sequence to extract continuous k-size words as 

features. In this method the input sequence can be transformed into some other form in some 

works. This becomes a model that learns short motifs to differentiate promoter sequences and 

non-promoter sequences e.g. exons, introns, 3’ UTR (Table 2). Figure 5 shows a general 

framework of how a PPP works in predicting whether a DNA subsequence is a promoter or not. 

Figure 5 

When the data is identified and the features extracted, different techniques present significant 

difference in performance. The techniques can be quite varied such as artificial neural network 

(ANN) [47-53], linear or quadratic discrimination function [54, 55], relevance vector machine 

[56], interpolated Markov model [57-60], support vector machine (SVM) with string kernel [61], 

relative entropy [46] or even using only rules based on statistics [29, 62]. But the main concept 

is still that statistically significant motifs of the promoter regions which are exploited by a k-size 

window sliding on the promoter sequence to extract features for learning models e.g. ANN, SVM 

(more details in Table 2). [61, 63] represent techniques that utilize these k-size windows in 

various machine learning algorithms for the extraction of promoter regions (more details in 

Table 2). 
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Table 2 

However, not all of the methods for promoter identification need to be based upon DNA motifs 

alone. [64] analyzed the structure of the core promoter in mammalian and plant genomes by a 

number of physicochemical properties such as DNA bending, denaturation, propeller twist, 

duplex disrupt energy, A-philicity, etc. and then [64], [65] utilized these to transform the input 

sequences before extracting features for training the models. 

Promoter analysis 

Promoter analysis is another very important aspect in promoter sequence analysis aiming 

towards understanding the mechanisms that drive gene expression and gene regulation. While 

promoter prediction deals with finding approximately, the promoter regions or TSSs of the 

genes, promoter analysis assumes that promoter sequences of genes are already known and 

are thus treated as prior information. It mainly focuses on identifying cis-regulatory elements or 

transcription factor binding sites (TFBSs). Promoters are one of the keys to understanding the 

underlying hypotheses of gene expression and regulation which is mainly controlled by 

transcription factors (TFs), i.e., proteins that bind to promoter regions at specific sites (TFBSs) 

and regulate the process of transcription initiation. 

Since a promoter is considered to be a string of characters A, C, G, and T, features of 

promoters are almost considered to be conserved patterns in this region compared with other 

regions on the genomic sequence. Since functional elements are usually conserved, these 

motifs, considered to be the TFBS, are usually the sites where TFs  bind to regulates the 

transcription process [32, 33]. Therefore, computational techniques look at a TFBS as a 

sequence motif or a conserved subsequence on the promoter sequence. Given a promoter 

sequence, one would be then interested in finding all TFBSs and if given a list of promoter 
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sequences, the problem becomes how to find common TFBSs in those sequences. These 

approaches basically combine the two perspectives of promoter analysis, i.e. discovery by 

experimental data and pure computation [66, 67]. The former depends on how the motif is 

modeled based experimental data and how the promoter sequence is scanned to identify 

possible matches whereas the latter relies on how the motif is modeled based on a given set of 

sequences. 

With the concept of string pattern discovery, a multitude of methods have been proposed for the 

second problem in recent years yielding a variety of algorithmic approaches, underlying models, 

and testing methodologies. Models can be pattern or sequence-driven, whereas patterns can be 

deterministic or statistical [68]. However recently, the advances in the field have focused  

towards modeling regulatory modules rather than working with individual motif [69]. Thus an 

integrated framework working at multiple levels deals with TFBSs starting from single-motif, 

composite-motif, gene-level, to genome-level models is introduced [69]. Single-motif is the level 

of handling individual motifs whereas composite-motif works on clusters of TFBSs (also called 

cis-regulatory modules). At the gene-level the focus is on how several modules act together to 

regulate a single gene and finally at the genome-level, how several sets of modules work on 

sets of to control expression. In this review however, we will consider the single-motif level 

because it functions as a basic kernel for the other methods. 

An underlying hypothesis of these computational predictions is that the potential for coregulation 

between two genes is effectively proportional to the probability that a large number of TF would 

bind to the promoter region of these genes. Therefore, an important question is how to 

determine all possible TFs that bind a given promoter region. However, it must be emphasized 

that the possibility of binding should not be directly translated to coregulation, since binding 

does imply functions. It defines however a good starting point for further analyses.  
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Problem definition 

We define the following computational problems capturing the aforementioned questions: 

(2a) Given a DNA sequence { } { }TGCAsss l
L
ll ,,,,,1 =ΑΑ∈= =  and a motif profile 

{ } [ ]1,0,..1,..1, ∈=Α== ijij mmjimM  where m is the length of the profile, scan s for all 

possible matches with the profile. 

(2b) Given a set of DNA sequences { } { } Α∈== == il
s

lili
N
ii ssssS i ,, 11 , search for conserved motifs 

(patterns) { } Α∈= = k
K
kk ppp ,1 that are over-represented in S. 

These two general problems are relevant to how a motif is modeled. However, the former is 

more popular among experimental biologists since they would like to know which cis-regulatory 

elements exist in a newly determined promoter sequence by scanning for known motif profiles 

available from databases and tools such as TRANSFAC [70, 71] or Genomatix [72]. The second 

is more relevant to the computational are and as such a wide range of computational techniques 

from pattern recognition have been employed over the years [73]. There are two popular 

methods in biological sequence analysis for motif modeling e.g. position weight matrix (PWM) 

and hidden Markov model (HMM) [74, 75] but in promoter sequence analysis, PWM is the best-

known method since it is simple and effective.  

Position weight matrix 

PWM (also called position specific scoring matrix or position specific frequency matrix) is a 

matrix of (log normalized probability) scores with four rows corresponding to four DNA bases 

and m columns, each of which is a position in the motif. PWM assumes the independence 

between positions in the motif; thus the fitness score of an oligo with this profile is only the sum 

of the fitness at each position (Figure 6). The consensus sequence is a preliminary 
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representation for a motif which is formed by a list of DNA oligos; the consensus character is the 

highest frequency base in that column but when there is an approximately equivalent frequency 

between bases in that column, a corresponding IUPAC character (Table 3) is assigned. To 

construct the motif representation more effective, a profile M is used by aligning TFBS instances 

and describing the alignment with the frequency of each DNA base in each column.  

Figure 6 

Table 3 

Based on the concept of PWM, various measures are defined to evaluate an alignment or more 

importantly to estimate the probability an oligo p fits with that motif. The information content (IC) 

of a PWM is the most widely used measure to consider how different a given PWM is from a 

uniform distribution and also to quantify how much the corresponding are similar [76]. The IC of 

a PWM with profile M is ( ) ∑∑
= =

=
4

1 1

log
i

m

j i

ij
ij b

m
mMIC  where mij is the frequency of base i in 

position j and bi is the expected frequency of this base in the background set of DNA sequences 

that are non-motifs or random sequences. To make a comparison between two alignments with 

the same number of oligos, the IC can be used directly. When the number of oligos is different, 

a maximum a posteriori (MAP) measure is defined ( ) ( )MnICMMAP −=  where n is the number 

of oligos used to build the profile M. Another important measure is the probability an oligo p 

belongs to this motif or is a part of the background noise 

( ) ( )
( ) ∏

==

==
lji i

ij

b
m

backgroundp
MppL

..1,4..1|Pr
|Pr

. This quantity then becomes a scoring function for 

most of the discussion that follows. 

Scanning for TFBSs 
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With the support of high-throughput techniques (e.g. ChiP-chip, SELEX), experimental data are 

now likely sufficient to support the results of the computational methods. The TF that have been 

identified experimentally have been associated with a list of binding sites and therefore 

corresponding motif profiles can be constructed. There are around seven hundreds PWMs for 

human TFs and more than six thousand TF profiles in total listed in TRANSFAC [70, 71], 

making it possible to scan for a significant number of potential TFBSs in a new promoter 

sequence. Every available TF profile M for its corresponding organism is compared with all K-

size words of the promoter sequence, if the fitness measure L(p) of some word p is over a 

threshold, it can be considered as a match or a TFBS in this problem [77-79]. Multi-TFBSs for 

the same TF can appear in one promoter sequence and likewise there may also be no 

significant matches for any TF in a promoter region. 

However, the TFBS is usually degenerate and short (8-15bp) sequence since the motif only has 

four states (A, C, G, and T). As a result the binding sites can occur very frequently by chance, 

leading to a high level of false-positive predictions. Therefore a number of approaches have 

been identified in order to optimize motif content e.g. Markov chain optimization [80], mixture 

models [81], or the Staden-Bucher approach [82] while others rearrange the motif model to get 

better performance e.g. doing multiple local alignment on oligos of the motifs before extracting 

the motif profile [83], dividing TFs into TF families and build a hierarchical tree for efficient 

searching [84]. 

Searching for conserved motifs 

However, while the use of PWM allows researchers to identify which transcription factors 

interact with which genes, the identification of position weight matrices from a set of sequence 

data remains. DNA motif discovery relies upon multiple sequence alignment (MSA) from global- 

to local-alignment. Given a set of DNA sequences and a substitution matrix, various 
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computational techniques were developed to align these sequences e.g. clustalW [85], DIALIGN 

[86], T-COFFEE [87], ProbCons [88] and then extract conserved motifs. However, the fact that 

TFBS are arbitrarily located leads to a new and challenging problem from both a computational 

and biological point of view. Fortunately, a number of techniques from pattern recognition have 

been applied and proven their effectiveness. The core algorithms, in general, can be classified 

into two categories: combinatorial and probabilistic (Table 4). A couple of typical algorithms will 

be presented in the following with emphasis on two important aspects: the search method and 

the scoring function.  

Table 4 

The combinatorial category is the starting point of discovering TFBSs or conserved motifs on a 

set of promoter sequences. It is an exhaustive search with pattern-based scoring for all possible 

cases of the motifs or of the given set of sequences, and then the search is refined gradually by 

the greedy heuristic and probabilistic concepts. The first type of exhaustive searches is pattern-

driven algorithms (Figure 7) which assume that the motif has length K and each position in the 

motif has four states (A, C, G, and T).The algorithm then makes a complete search for all 4K 

possible patterns to pick out some that satisfy the selected criteria. A score is estimated to 

indicate the extent to which a sequence contains a pattern and then generalizes the extent to 

which that pattern belongs to the conserved motif of the given set. The primary drawback with 

the current algorithm is that the complexity is very high (O(N 4K)), making it impossible to search 

for long motifs (e.g. more than 10). By changing the collection of patterns needed to search i.e. 

using K-size patterns instead of 4K patterns, a significant improvement can be achieved, leading 

to the sequence-driven (also called sample-driven) algorithm [76]. The exhaustive search can 

be accelerated by using the suffix tree [89] or some index way but the searching space is still 

large.  
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To further reduce the searching space of the algorithm and improve the scoring efficiency, the 

consensus method was proposed [45]. It is also a type of pattern-based scoring but explores the 

alignment concept instead of using Hamming distance as exhaustive searches do. The 

searching space is reduced by applying a greedy heuristic in the area of multiple sequence 

alignment leading to the agglomerative conserved profiles and greedy selection [45]. At first, all 

K-size words of the first sequence are treated as a collection of selected alignments; then for 

each sequence every of its K-size words is aligned with all selected alignments and put into the 

new alignment collection. These new alignments are scored and compared with a threshold to 

select the matches. The algorithm is significantly affected by the sequence order and the way 

alignments are scored. WConsensus [90] is a typical example of the approach. 

Figure 7 

Probabilistic methods define a type of profile-based scoring to optimize the motif profiles. MEME 

(Multiple Expectation maximization for Motif Elicitation) [91] and Gibbs sampling [92] are two 

typical techniques (Figure 8). With the assumption that every sequence has only one oligo for 

one motif, they start with a randomly selected motif model characterized by a profile of a list of 

oligos as mentioned above. MEME classifies the remainder of each sequence (i.e. taking away 

the oligo of that sequence in the motif model) as the background to create the background 

model. Based on the motif and the background model, all K-size words of the given set are 

scored and then they are reclassified as either the motif or the background model. The goal of 

this technique is to maximize the likelihood function of all K-size words with respect to the motif 

or the background model. The algorithm runs until the likelihood function converges and the 

motif model is reported. To obtain a different motif, the algorithm is restarted. Gibbs sampling is 

another approach similar to MEME, however, MEME updates the entire motif profile for every 

cycle whereas Gibbs only updates a single oligo. This technique considers one randomly 
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selected sequence at each cycle and scores the profile based on its own information content. All 

K-size words of the selected sequence are scored over the motif profile; the best fit word will be 

chosen as a new oligo to replace the current oligo of that sequence in the motif model for the 

next cycle. The algorithm runs until the score of the motif profile converges. 

Figure 8 

Enhancing TFBS discovery 

In addition to enhancing the accuracy of locating TFBSs, additional information from expression 

data and orthologous species is utilized defining the so-called multiple data integration [93]. 

Combining gene expression data and promoter analysis allows one to identify and predict the 

TFBSs more accurately [94-96] in a manner to the way using information from orthologous 

genes can refine the set of potential TFBSs [97-99]. Other method focus on how to extract 

efficiently structured motifs  EXMOTIF [100] and how to search utilizing those structured motifs 

– SMOTIF [101]. Especially, the concept of using ensemble of methods to improve predictions 

also appears to be promising [102] and a number of implementations have shown improved 

accuracy BEAM [103], PRISM [104], and SPACER [105]. 

However, in principle the common problem is still searching for conserved motifs as was 

discussed above but with different types of input data, we generate alternative interpretation of 

the output data. Cross-species comparison is a popular strategy to limit the potential regulatory 

regions and for improving the accuracy of TFBS discovery. In terms of a promoter of a gene, the 

promoter sequences of orthologous species are obtained and set up a set of DNA sequences 

for which motif discovery techniques work. The discovered motifs are considered as potential 

regulatory regions and have high probability to be bound by TFs. This type of analysis reduces 

significantly the false-positive rates in scanning TFBSs by using PWM, so-called comparative 

sequence analysis (Figure 9). Besides that, one can  look for conserved motifs over a number of 
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promoter sequences from a set of coexpressed or coregulated genes; although coregulation 

and coexpression are two different concepts, at present coexpressed genes under a number of 

conditions are considered as being coregulated, a hypothesis not technically correct.  

Figure 9 

Promoter models 

The most basic way also the most widely used method for representing a promoter is in the 

form of a sequence of bases or a string of characters (Table 3). When put into computational 

techniques, the promoter sequence is divided into a list of successive K-size words and then 

coded to form an input vector. This is so-called ‘linear word-map’ representation of a promoter 

sequence. To make the map more flexible, words are assigned a position but can be ordered for 

computational purposes. When the words are rearranged, the representation becomes a non-

linear word-map of the promoter sequence. Many applications used this concept to measure the 

similarity of promoters but in that case only selected words are used e.g. TFBSs or conserved 

motifs instead of all extracted words. Blanco [106] defined a non-linear TF-map alignment where 

the selected words are TFBSs and utilized the concept of sequence alignment to estimate the 

similarity of two promoters and then extended to multiple TF-map alignment [107]. [108] did the 

same and used the Jaccard algorithm to estimate the similarity score between two promoter 

sequences for promoter clustering.  

Since TFs does not come alone to bind with TFBSs and regulate the transcriptional process, we 

need to also consider how these single motifs combine together to regulate the gene expression 

– level two of promoter analysis. A cluster of TFBSs in a short sequence segment is defined as 

a cis-regulatory module (CRM); in brief, it is a set of motifs close together and conserved 

without order). Cis-regulatory modules are also usually conserved across species due to 
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evolutionary constraints and considered as the segment for which synergistic TFs bind to co-

operate the initiation transcription [109]. A number of computational tools have been developed 

to search for CRMs e.g. CisModule [110], CREME [111], ModuleFinder [112]. Thus instead of 

finding single motifs, almost all applications move into working on set of motifs; this seems to be 

more powerful since CRMs are longer than TFBSs, leading to lower the false-positive rate. 

In order to extend the range of motif modeling approaches beyond the single motif and extend 

the approach to the analysis of set of potentially co-regulated genes we need to move towards 

the concurrent analysis of sets of promoters associated with specific functions. Once a list of 

motifs is discovered with any of the techniques discussed above; they can all be organized in 

some way to form the model for promoters of this function. These promoter models could be 

used to possibly predict new genes associated with this function as suggested in [113] [114] 

[115]. However, much work is needed to improve the computational efficiency and reduce the 

excessive number of false positives associated with those methods. 

Conclusions 

Unraveling the mysteries and complexities of transcriptional regulation is of paramount 

importance in modern biology. What causes a stem cell to commit to a particular lineage, what 

makes a cell response to an external perturbation or an organism to a drug is largely 

determined by the transcriptional machinery that is the control mechanisms that dictate the up- 

or down-regulation of genes. In that context, the part of the non-coding regions of genes located 

upstream the transcription start site holds the keys to this mystery. The main theater of 

controlling transcriptional regulation is the region with transcription factors, proteins that control 

the transcription of genes, and such its identification, characterization and prediction is of 

paramount importance. In that respect computational methodologies, and most notably those 

based on fundamental principles of machine learning, have proven to be critical in deciphering 
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the complexities of gene regulation. In this short review we discussed a number of general 

computational issues in an effort to illustrate the implications of machine learning approaches in 

addressing a fundamental problem in biology.   
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Figure 1: Basic structure of promoter classes [17]. (a) A general structure of an eukaryote gene; the 
promoter region contains crucial regulatory elements to control the transcription of the gene; the gene is 
copied to a pre-mRNA from which the RNA Pol-II transcripts into an mRNA; the coding region contains 
alternatively exons and introns where introns are removed in the transcription process; a gene is marked 
by an integer 1D-coordinate system without zero point, i.e. TSS is +1 and before is negative; the un-
translated regions (UTRs) are particular sections of mRNA; the 5’ UTR starts from the TSS and ends just 
before the start codon (usually AUG), the 3’ UTR follows the coding region and ends before the poly-A tail 
– the sign to stop the transcription. (b)(c) Typical structures of class I promoters and class II promoters, 
respectively. (d) The typical structure of class III promoters; box A, B, C as well as TATA, PSE, Oct are 
conserved sequences which are bound by TFs to initialize the transcription process; internal promoters 
(Type I, II) have short conserved sequences located within the coding region; upstream promoters (Type 
II) contain short conserved sequences upstream of the start point. 
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Figure 2: Class II promoter structure and relevant regulatory elements; these are redrawn from ([9, 19]). 
(a) Typical regulatory elements of a gene including a core promoter, proximal promoter elements and 
distal regulatory elements; the promoter region which contains a core promoter and proximal promoter 
elements is usually no longer than 1kb. (b) A detailed structure of a core promoter; the top is the positions 
of the conserved elements in the core promoter within the gene coordinate system; the bottom is the 
corresponding consensus sequences (c) Four typical elements of distal regulatory elements and their 
corresponding effects; enhancers activate whereas silencers repress the transcription; insulators block 
the gene from being affected by other regulatory elements; A locus control region can affect the 
transcription of a number of genes. 
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Figure 3: A brief view on three typical aspects in promoter sequence analysis. (a) Promoter prediction 
can recognize approximately the promoter regions (or TSSs) in a new sequence or differentiate which 
promoter (or non-promoter) set a sequence belongs to. (b) TFBSs discovery can be searched by purely 
computational techniques or scanned under the support of experimental data; additional information from 
gene expression data or cross-species data with orthologous sequences can be utilized to enhance the 
accuracy; dash-line shows that it can be used or not. (c) A new way to represent the promoter sequence 
e.g. a list of ordered TFBSs; the promoter sequence can be transformed following some way so that 
applications can exploit as many as possible its features. 
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Figure 4: Method to collect data and evaluate PPPs [38]. (a) A local coordinate system of every gene on 
the genomic sequence, starting at TSS and ending at GeneEnd; the promoter sequence in this aspect is 
the subsequence DNA, length L (usually from 100 to 500) with n bp upstream and m bp downstream 
(n>>m). (b) The evaluation method for problem 1c; the TSSs are inferred for estimating the performance 
instead of using directly the results from the predictive models as that in problem 1b; if d is the maximal 
allowance for the region to be considered as a hit, 2d is the correct region; the orange lines are the 
regions for counting TP if there is one hit, if not it will be counted as FN; the dark red lines shows the 
regions to count for FP if there is a hit in there, if not it will be a TN; however, for every line, it is only 
considered as one TP (FN) or one FP [116] although there are many hits (TP or FP) or no hit (FN or TN) 
on there; the dash line region of the second dark-red line implies that the region continuously lengthens. 

 

 

 

 

 

 

 

 

 

 

 

5’ 3’ 
TSS 

L 

n 
m 

GeneEnd 
CDS 3’ UTR

+1 +x -x 

(a) 

5’ 3’ 

2d 

Regions for counting TP, 

CDS 1

Regions for counting FP, 

CDS 2

CDS 3

(b) 

TSS1 TSS2 TSS3 



34 | P a g e  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: A general framework for the working mechanism of PPPs based on content searching. An input 
sequence is drawn from the genomic sequence following the criteria of problem 1b or 1c. From the input 
sequence, whether it is transformed or not depends on different PPPs but then a k-size window slides on 
it to extract k-size words which are coded into numeric values and put into the predictive model. The 
model selector can be appeared in some PPPs to characterize if the input sequence is CpG related or 
non-CpG related since their properties might be different. After that, the input vector is put into model A 
(or model B) which contains a list of classifiers (usually ANNs). The output is determined based on the 
results of previous classifiers. Dash arrows and dash frames show that the modules can be applied or 
not. 
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Figure 6: The motif of the amino acid response element, activating transcription factor 4 (ATF4) binding 
sites from Genomatix – matrix name V$AARE.01 [72]. Left is the list of binding sites used to construct the 
motif model; each sequence is called an oligo or a conserved sequence; oligos can be aligned with gaps 
to maximize the motif content but in this case, it is a gap-free alignment; therefore, the motif model is also 
the middle column in the table; matrix similarity is the fitness of the corresponding site with the motif 
profile after construction. Right is the motif profile which is created by using the PWM method without 
using pseudo-count and any normalization method; however, sometimes the name PWM can be used to 
indicate the motif profile; the raw profile (top) which is counted directly from the left alignment is 
normalized by the total number of binding sites to estimate the motif profile (bottom); the consensus 
sequence is drawn from the distribution of bases in each column with IUPAC characters from Table 4; the 
consensus sequence is also called the (conserved) motif or the (conserved) pattern. 
 
 
 
 
 

 

 

 

 

 

 

 

Site name Alignment Matrix similarity 
Chop(1) ATTGCATCA (0.992) 
Chop(2) GTTTCACCA (0.952) 
Asn-S(1) GTTTCATCA (1.000) 
Asn-S(2) ATTACATCA (0.974) 
Trp-tRNA-S(1) ATTGCATCA (0.992) 
Trp-tRNA-S(2) GTTTCCTCA (0.910) 
Trp-tRNA-S(3) GTTTCCTCA (0.910) 
Neutral TTTGCATCA (0.975) 
Neutral ATTTCATCT (0.876) 
DRAL/FHL2 TTTCCATCA (0.958) 
PAX6 ATTGCACCA (0.945) 
Asp-AT GTTGCATCA (0.996) 
P5C_reductase(1) GTTGCATCA (0.996) 
P5C_reductase(2) GTTTCACCA (0.952) 
alpha-L-iduronidase ATTTCAACA (0.936) 

Raw motif profile by PWM: 

Pos. 1 2 3 4 5 6 7 8 9
A 6 0 0 1 0 13 1 0 14
C 0 0 0 1 15 2 3 15 0 
G 7 0 0 6 0 0 0 0 0 
T 2 15 15 7 0 0 11 0 1 

Motif profile and consensus sequence:  
Pos. 1 2 3 4 5 6 7 8 9

A .40 .00 .00 .07 .00 .87 .07 .00 .93

C .00 .00 .00 .07 1.0 .13 .20 1.0 .00

G .47 .00 .00 .40 .00 .00 .00 .00 .00

T .13 1.0 1.0 .46 .00 .00 .73 .00 .07

IUPAC R T T K C A T C A 
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Figure 7: Algorithms for exhaustive search and consensus methods. At the top are two types of 
exhaustive search; the algorithms are the same but the input sets are different. At the bottom is a 
consensus algorithm and illustration. The algorithm can be avoided some preliminary random alignments 
by keeping all of the alignments in Ai for a number of cycles instead of starting the process of evaluating 
and selecting from the beginning. However, many improvements were discussed in [90] 

 

 

 

 

 

 

Pattern-driven algorithm: 

- Let W be all 4K possible patterns from AA…A to TT…T

and ikw be an oligo on sequence ith at position kth. 

- For each Wp∈ do 
 - For i = 1 to N do 
  - ( ) ( ){ }ikki wpdspd ,min, =  
 - End For 

 - ( ) ( )∑
=

=
N

i
ispdSpd

1
,,  

- End For 

- Report some *p with ( ) δ>Spd , for some .δ  

Sample-driven algorithm: 

- Let { } ( )KskNiwW iik −=== ||||..1,..1,  be a 

collection of all K-size word ikw in S. 

- For each Wp∈ do 
 - For i = 1 to N do 
  - ( ) ( ){ }ikki wpdspd ,min, =  
 - End For 

 - ( ) ( )∑
=

=
N

i
ispdSpd

1
,,  

- End For 

- Report some *p with ( ) δ>Spd , for some .δ  

Consensus algorithm: 

- Let iW be all K-size word of is . 

- Assume each 1Wp∈  is an alignment and store it to 

{ } ||||
111
1W

jjAA
=

= . 

- For i = 2 to N do 
  -For each iWp∈  do 
   -For j = 1 to ||Ai-1|| do 
   -Create alignment of ( )jiAp ,1, −  

   -End For 
  -End For 
 - Select and keep good alignment in the new set of 

alignments Ai. 
- End For 

Consensus illustration: 
Assume S = {ACTGAT, CTGAAC, AGATGA} 
Cycle 1: 
 Keep all K-size words of s1 in A1 
 ACTG  CTGA  TGAT 
Cycle 2: 
 Keep best alignments between W2 and A1 in A2 

(using gap-free alignment, no more two different 
bases between two oligos) 

  CTGA  TGAT 
  CTGA  TGAA 
Cycle 3: 
 Keep best alignments between W3 and A2 
  CTGA  TGAT 
  CTGA  TGAA 
 ATGA  AGAT 
Report best alignments in A3 
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Figure 13: 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Basic ideas of MEME and Gibbs sampling methods. At the top is a basic MEME algorithm and 
the graphic representation; θ  contains both the motif and the background model and is considered as a 
parameter to optimize. At the bottom is the basic Gibbs sampling algorithm and a brief demonstration; 
Step (c) can be replaced by randomly selecting a new word instead of examining all words in sequence si 
for the best fit word. Gibbs sampling is less likely to get stuck in a local optimum because it randomly 
selects a new oligo for each loop whereas MEME updates all oligos of the motif for every time, causing it 
easily to fall into local optima, in theory. 

 

 

 

 

 

 

 

MEME illustration: 
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Motif Background 

MEME algorithm: 

- Let W be a collection of all K-size word ikw in S. 
- Assume randomly a word in each sequence is ‘motif‘ 
and the rest is assigned as ‘background’. 
- Repeat 
 - Build the motif model. 
 - Build the background model. 
 - Classify words in W into either motif or background
 - Calculate the likelihood function: 
  ( ) ( )∏

=

=
||||

1

||
W

j
jwPWP θθ   

- Until the likelihood function is conversed.

Gibbs sampling algorithm: 
- Assume randomly a word in each sequence is ‘motif‘ 
and the rest is assigned as ‘background’. 
- Repeat 
 a. Randomly removed a sequence ith out of S. 
 b. Build the motif and the background model. 
 c. Try to select a replacement: 
  - Calculate the fitness of all  
    ||||..1, Kskw iik −=  
  - Select the best fit word. 
 - Put the sequence ith with the newly selected 

word as ‘motif’ back to the process. 
- Until the IC of the motif model is conversed.

Gibbs sampling illustration: 
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Figure 9: Basic TFBS discovery techniques. The core techniques in this aspect are classified into two 
categories; each is represented by two typical methods. Those methods are become standard methods in 
developing tools for discovering overrepresented motifs in a given set of promoter sequences (Table 5). 
They are also applied when combining with gene expression data whereas specific tools are developed 
for comparative genomics when combining with orthologous information. But these are two different 
directions; one consider the activity of a TFBS to know how much it can become a real TFBS via the 
expression level of its TF and its gene set; the other only finds conserved regions in the set of sequences 
and considered how much those becomes real regulatory regions. There are some other popular tools 
e.g. ConSite [117], rVISTA [118], or some designed as collections of useful functions for regulatory 
studies such as Expander [119], TOUCHCAN [120]. 
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Table 1: Promoter-relevant databases 

No. Database URL Reference 

1. DBTSS – Database of Transcription Start Sites http://dbtss.hgc.jp/ [23, 41] 

2. EPD – Eukaryotic Promoter Database http://www.epd.isb-sib.ch/ [21, 22] 

3. UTRdb – UTR databvase.  bighost.area.ba.cnr.it/BioWWW/Bio-WWW.htm [43] 

4. TRANSFAC – Transcription Factor and Gene 
Regulatory Database http://www.gene-regulation.com/ [70, 71] 

5. Genomatix http://www.genomatix.de/ [72] 

6. JASPAR http://jaspar.genereg.net/ [121] 

7. TRED – Transcriptional Regulatory Element Database http://rulai.cshl.edu/TRED [122] 

8. PlantPromDB – Database of Plant Promoter Sequences
http://mendel.cs.rhul.ac.uk/mendel.php?topic=plant
prom [123] 

9. PLACE – A Database of Plant Cis-acting Regulatory 
DNA Elements 

http://www.dna.affrc.go.jp/PLACE/ [124] 

10. SCPD – Yeast Promoter Database http://rulai.cshl.edu/SCPD [125] 

11. TRRD - Transcription Regulatory Regions Database http://wwwmgs.bionet.nsc.ru/mgs/gnw/trrd/ [126] 

12. Ensemble http://www.ensemble.org [127] 
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Table 2: Promoter prediction programs (PPPS) in more details. 

Prediction 
programs 

Learning 
techniques Technical details URL Reference 

ARTS 
SVM with string 
kernel 

Use suffix trees in the string kernel to exploit 
significant k-size words in the promoter regions; the 
technique can be referred to taxonomy classification. 

http://www.fml.tuebingen.
mpg.de/raetsch/projects/ar
ts 

[61]  

Promoter 
Explorer 

AdaBoost 
algorithm 

Analyze local distribution of 5-size words, CpG island, 
and digitized DNA sequence; then combine them for 
a cascade learning process of classifiers to lower 
false positive prediction. 

http://www.hy8.com/~tec/p
apers/pexp01.zip [63]  

N-SCAN 
Multi-genome 
alignments, tree-
structured HMM 

Comparative gene prediction by integrating multi-
genome and 5’UTR modeling. 

http://mblab.wustl.edu/nsc
an/submit/ [128, 129] 

PromPredictor 
Feature selection, 
Artificial Neural 
Network (ANN) 

Select significant 5-size words in the promoter 
regions for 4 basic classifiers: promoter-, exon-, 
intron-, and 3’UTR- classifier.  

http://www.whtelecom.com
/Prompredictor.htm [51] 

DragonPF 
(ver1.5) 

Composite-model 
structure, ANN, 
statistics 
techniques 

Divide into G+C-rich and G+C-poor models; each has 
a number of sub-models (ANNs) corresponding to 
which type of sequences (introns, exons, or 
promoter) is sensitive. 

http://research.i2r.a-
star.edu.sg/promoter/prom
oter1_5/DPF.htm 

[49] 

*DragonGSF 
ANN Combine information about CpG islands, predicted 

TSSs, and signals downstream of the predicted 
TSSs; predicted TSSs are from DragonPF. 

http://research.i2r.a-
star.edu.sg/promoter/drag
onGSF1_0/genestart.htm 

[47, 48] 

McPromoter 

Interpolated 
Markov model 

Exploit the statistical properties of the core promoter 
(significant motifs); apply stochastic segment models 
in which each state is a functional part of the 
promoter. 

http://genes.mit.edu/McPro
moter.html [59, 60] 

PromH 

Linear 
discriminant 
function 

Based on conservative features of promoter regions 
in pairs of orthologous genes. 

http://www.softberry.com/b
erry.phtml?topic=promhg&
group=programs&subgrou
p=promoter 

[55] 

Eponine 
Relevance Vector 
Machine 

Constrain position by a collection of motif weight 
matrixes; focus on TATA-box motif and G+C rich 
domain. 

http://www.sanger.ac.uk/U
sers/td2/eponine/ [56] 

CpGProD 
Statistical rules Detect only CpG islands-related promoters; 

parameters are higher sensitive with species; suggest 
strand. 

http://pbil.univ-
lyon1.fr/software/cpgprod.
html  

[130] 

CONPRO 

Consensus 
promoter 
prediction 

Restrict the searched genomic regions using gene 
transcript alignment as anchors; then, use 
GENESCAN to build the model and combine with the 
results of some previous programs to infer the 
promoter regions. 

http://stl.bioinformatics.me
d.umich.edu/conpro/ [131] 

FirstEF 
Quadratic 
discriminant 
function 

Recognize CpG islands, promoter regions, and first 
splice-donor sites by a posterior probability 
P(promoter|window). 

http://rulai.cshl.org/tools/Fir
stEF [54] 

NNPP2.2 
Time-delay 
neural network 

Train independently two time-delay ANNs for 
recognizing TATA-box and Inr within a corresponding 
window; then combine to enhance the ability. 

http://www.fruitfly.org/seq_
tools/promoter.html [52] 

*Promoter 
Inspector 

ANNs Focus on promoter context rather than exact 
locations; extract IUPAC words for 3 classifiers to 
differentiate between promoters and introns, exons, 
and 3’UTR. 

http://www.genomatix.de/p
romoterinspector.html [53] 

Promoter2.0 

ANN  Use GA to optimize NN’s weights; train the NN to 
recognize a set of sub-patterns (6-size words) and 
specialize on 4 TFBSs (TATA, CAAT, Inr, and GC) 
between promoter- and non-promoter seq. 

http://www.cbs.dtu.dk/servi
ces/promoter/ [50] 

*: implies recommended PPPs. 
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Table 3: IUPAC-IUB single-letter codes recommended for ambiguous positions in DNA sequences [132] 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A 
C 
G 
T 
R 
Y 
W 
S 
M 
K 
H 
B 
V 
D 
N 

IUPAC 
 
 
 
 

A or G  
C or T  
A or T  
G or C  
A or C  
G or T 
A, C, T  
C, G, T  
A, C, G  
A, G, T  

A, C, G, T 

Adenine 
Cytosine 
Guanine 
Thymine 
puRines 

pYrimidines 
Weak hydrogen bonding 
Strong hydrogen bonding 

aMino group at common position 
Keto group at common position 

not G 
not A 
not T 
not C 
aNy 

Nucleotides Mnemonics 
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Table 4: Typically selected a couple of tools for overrepresented motif discovery [133] 

Programs 
Operating 
principle Technical data URL Reference 

AlignACE 

Gibbs sampling 
algorithm that returns a 
series of motifs as 
weight matrices that 
are overrepresented in 
the input set 

Judges alignments sampled during the course of the 
algorithm using a maximum a priori log likelihood score, 
which gauges the degree of over-representation. Provides 
an adjunct measure (group specificity score) that takes into 
account the sequence of the entire genome and highlights 
those motifs found preferentially in association with the 
genes under consideration. 

http://atlas.med.harvard.edu/ [134] 

ANN-Spec 

Models the DNA-
binding specificity of a 
transcription factor 
using a weight matrix 

Objective function based on log likelihood that transcription 
factor binds at least once in each sequence of the positive 
training data compared with the number of times it is 
estimated to bind in the background training data. 
Parameter fitting is accomplished with a gradient descent 
method, which includes Gibbs sampling of the positive 
training examples. 

http://www.cbs.dtu.dk/ work
man/ann-spec/ [135] 

Consensus 

Models motifs using 
weight matrices,  
searching for the 
matrix with maximum 
information content 

Uses a greedy method, first finding the pair of sequences 
that share the motif with greatest information content, then 
finding the third sequence that can be added to the motif 
resulting in greatest information content, and so on. 

http://bifrost.wustl.edu/conse
nsus/ [90] 

MEME 

Optimizes the E-value 
of a statistic related to 
the information content 
of the motif 

Rather than sum of information content of each motif 
column, statistic used is the product of the P values of 
column information contents. The motif search consists of 
performing expectation maximization from starting points 
derived from each subsequence occurring in the input 
sequences. MEME differs from MEME3 mainly in using a 
correction factor to improve the accuracy of the objective 
function. 

http://meme.sdsc.edu/ [91] 

MotifSampler 

Matrix-based, motif-
finding algorithm that 
extends Gibbs 
sampling by modeling 
the background with a 
higher order Markov 
model 

 
 
The probabilistic framework is further exploited to estimate 
the expected number of motif instances in the sequence. 

http://www.esat.kuleuven.ac.
be/ dna/BioI/Software.html [136] 

Oligo/dyad 

Detects 
overrepresented oligo-
nucleotides with oligo-
analysis and spaced 
motifs with dyad-
analysis 

These algorithms detect statistically significant motifs by 
counting the number of occurrences of each word or dyad 
and comparing these with expectation. Most crucial 
parameter is choice of appropriate probabilistic model for 
the estimation of occurrence significance. In this study, a 
negative binomial distribution on word distributions was 
obtained from 1,000 random promoter selections of the 
same size as the test sets 

http://rsat.scmbb.ulb.ac.be/rs
at/ [137, 138] 

Weeder 

Consensus-based 
method that 
enumerates  
exhaustively all the 
oligos up to a  
maximum length and 
collects their 
occurrences (with 
substitutions) from 
input sequences 

Each motif evaluated according to number of sequences in 
which it appears and how well conserved it is in each 
sequence, with respect to expected values derived from the 
oligo frequency analysis of all the available upstream 
sequences of the same organism. Different combinations of 
‘canonical’ motif parameters derived from the analysis of 
known instances of yeast transcription factor binding sites 
(length ranging from 6 to 12, number of substitutions from 1 
to 4) are automatically tried by the algorithm in different 
runs. It also analyzes and compares the top-scoring motifs 
of each run with a simple clustering method to detect which 
ones could be more likely to correspond to transcription 
factor binding sites. Best instances of each motif are 
selected from sequences using a weight matrix built with 
sites found by consensus-based algorithm. 

http://159.149.109.16/Tool/in
d.php 
 

[73] 

YMF 

Uses an exhaustive 
search algorithm to find 
motifs with the greatest 
z-scores 
 

A P value for the z-score is used to assess significance of 
motif. Motifs themselves are short sequences over the 
IUPAC alphabet, with spacers (‘N’s) constrained to occur in 
the middle of the sequence. 

http://bio.cs.washington.edu/s
oftware.html#ymf 
 

[139] 

*: this table is drawn out directly from Table 1 of  [133] 


