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Abstract. Transcription factor binding sites often contain several subtypes of 
sequences that follow not just one but several different patterns. We developed 
a novel sensitive method based on kernel estimations that is able to reveal sub-
types of TF binding sites. The developed method produces patterns in form of 
positional weight matrices for the individual subtypes and has been tested on 
simulated data and compared with several other methods of pattern discovery 
(Gibbs sampling, MEME, CONSENSUS, MULTIPROFILER and 
PROJECTION). The kernel method showed the best performance in terms of 
how close the revealed weight matrices are to the original ones. We applied the 
Kernel method to several TFs including nuclear receptors and ligand-activated 
transcription factors AhR. The revealed patterns were applied to analyze gene 
expression data. In promoters of differentially expressed genes we found spe-
cific combinations of different types of TF binding patterns that correlate with 
the level of up or down regulation. 

1   Introduction 

Sites in genomic DNA that serve as targets for binding of a certain transcription 
factor (TF) share common patterns that are often described by consensus sequences or 
position weight matrices (PWMs). Elucidation of the structure of TF binding sites is a 



 

 

very important problem because it enables to understand the mechanism of gene regu-
lation. Several methods have been developed in the recent years for identification of 
patterns shared by a set of functionally related sequences, e.g. CONSENSUS (Hertz 
and Stormo, 1999), Gibbs Sampler (Lawrence et. al., 1993), MEME (Bailey and El-
kan, 1994), ANN-Spec (Workman and Stormo, 2000), PROJECTION (Buhler and 
Tompa, 2002), combinatorial approaches (Pevzner and Sze, 2000), 
MULTIPROFILER (Keich & Pevzner, 2002). A combination of these methods was 
used for identifying target sites of cooperatively binding factors (Thakurta and 
Stormo, 2001). The methods that are able to reveal patterns in the form of PWMs are 
of the most interest now. Position weight matrices currently are the state of the art in 
modeling the structure of TF binding sites. They are clearly superior to the consensus 
description. More complex models such as HMM showed quite good performance 
(Ellrott et al., 2003), but their application is limited now to a few TFs with the high 
number of known sites. 

It is known now that often one set of TF binding sites may contain several subtypes 
of generally similar but different patterns. This happened in most cases because of the 
lack of knowledge. Often we don’t know what particular isoform of the factor, which 
homo- or heterodimer, modified variant, or in a complex with which co-factor or other 
cooperating factor, it actually binds to in vivo. Methods for revealing such patterns by 
sub-clustering of the sets of sequences are urgently needed. 

We have developed a novel method for discovery of subtypes of patterns based on 
the kernel estimation of a probability density function. A first variant of this method 
was used for the investigation of aligned sequences near the start of transcription of 
eukaryotic genes (Tikunov and Kel, 2000). Here we present the improvement of this 
method. It can now be applied to the analysis of unaligned nucleotide sequences. Us-
ing simulation of random sequences with implanted sites we have compared the de-
veloped kernel method with several other methods such as Gibbs sampling  
(http://bayesweb.wadsworth.org/gibbs/) (GIBBS), MEME  (http://meme.sdsc.edu/meme/), 
CONSENSUS  (http://ural.wustl.edu/), MULTIPROFILER (http://www.cs.ucsd.edu/ 
groups/bioinformatics/) and PROJECTION (http://www.cs.wustl.edu/ 
~jbuhler/projection.html). The Kernel methods showed the best performance in terms of 
how close the revealed patterns are to the original ones. The Kernel method was able 
to distinguish two very similar patterns (with more then 30% of the same nucleotides 
in the consensus) whereas most of the other programs had rather high level of identifi-
cation errors. The program is available for on-line use at: www.biobase.de/cgi-
bin/biobase/cbs2/bin/template.cgi?template=cbscall.html. Source code is available 
upon request.  

The developed method of pattern discovery makes a new advance in our capabili-
ties in interpretation of gene expression data. Regulation of gene expression is accom-
plished through binding of multiple transcription factors to large regulatory regions of 
genes. Some of these TFs are specific for a particular tissue, a definite stage of devel-
opment, or a given extracellular signal, but most transcription factors are involved in 
gene regulation under a rather wide spectrum of cellular conditions. It is clear by now 
that combinations of transcription factors rather than single transcription factors drive 
gene transcription and define its specificity. 



 

 

We apply the developed Kernel method on the analysis of a set of gene expression 
data from toxicogenomics studies. We found two pattern subtypes of binding sites for 
AhR transcription factor, which plays a key role in regulation of genes during anti-
toxic response of cells. In promoters of AhR activated or repressed genes we found 
specific combinations of different types of TF binding sites including two AhR pattern 
subtypes that correlate with the level of up- or down-regulation. 

2   Data and Methods 

We use two databases in the analysis: TRANSFAC® (BIOBASE GmbH, Wolfenbüt-
tel, Germany) is a database that collects information about gene regulation in eukaryo-
tes based on binding of transcription factors to their target sites; and TRANSCompel®  
which contains known composite regulatory elements in mammalian genes. We used 
TRANSFAC® Professional rel.6.4 and TRANSCompel® rel.6.4.  

2.1   Kernel model for nucleotide sequences 

We consider some set of nucleotide sequences s with length m. Let us denote a whole 
set of possible sequences as ΩΩΩΩ. So the number of elements of set ΩΩΩΩ is 4m. The ex-
pected frequency of every possible sequence s is defined with appropriate probability 
ps. Let us assign to every sequence some nonnegative weight ws. We call this function 
w(s)=ws the weight kernel. We define for the weight kernel w(s) the averaged weight 
sum S0(w) and volume Vh(w), where 
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The ratio of averaged weight sum S0(w) to volume Vh(w) is a functional of averaged 
density Φ0,h(w) with respect to kernel w(s). 

Since ws ≥ 0 and ps ≥ 0 the Hölder’s inequality is true 
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where y>1, 1/y+1/z = 1. If we put y = h+1, z = (h+1)/h then we get from relation (2) to 
the inequality: 
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The left part of inequality (3) is the averaged density functional Φ0,h(w). The inequal-
ity (2) turns into equality when ws

y = (c⋅ps)z, where c is an arbitrary positive normaliza-
tion factor. Hence 

s
h

s pcw ⋅=  (4) 

It follows that the kernel is the densest when weight kernel function satisfies the equa-
tion (4). 

If we have some sample of sequences ΩΩΩΩn={s1,s2,…,sn} we can construct empirical 
averaged weight sum Sn(w) and empirical averaged density functional Φn,h(w) with 
respect to kernel w(s) as 
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The mathematical expectation of empirical averaged weight sum Sn(w) is defined with 
expression (1a) and the expectation of Φn,h(w) is defined with expression (1c). In 
accordance with the law of large numbers the value of functional Φn,h(w) converges to 
the true value in probability under n→ ∞. So we can estimate the functional Φn,h(w) 
with any accuracy under n→ ∞. If we have some set of kernels wα(s):α∈Λ  the densest 
kernel defines the probabilities of sequences p(s) in accordance with relation (4). The 
proposed functional of averaged density Φn,h(w) is remarkable because it allows us to 
reconstruct the probabilities p(s) by putting more weights to the more frequent se-
quences s. Smoothing parameter h regulates the weights for sequences with different 
expected probabilities. 

Under h = 0 the functional Φn,h(w) is similar to Parzen-Rosenblatt kernel estimation 
of probability density which is often used in mathematical statistics for reconstruction 
of probability density (Rosenblatt, 1956; Parzen, 1962). A.I.Orlov (Orlov, 1991) 
adopted Parzen-Rosenblatt estimation for analysis of nonnumeric data. However, 
using of proposed functional Φn,h enables the search of the best probability function 
p(s) suitable not for all space ΩΩΩΩ but only for some of its local compact part. 

For patterns that are represented by weight matrices || fj l || we can apply the 
described theory and construct an algorithm that allows us to reveal all the patterns in 
a set of sequences by searching for the clusters which are characterized with local 
maxima of Φn,h. We assume that in each such cluster the probability distribution of 
sequences s is described with this matrix in accordance with independent distribution 
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 where fs is the frequency of se-

quence s; fj l is the frequency of letter l in position j (the elements of weight matrix 
|| fj l ||); ls

j is the letter of sequence s in position j. A consensus sc  that corresponds to a 
weight matrix || fj l || is a sequence that contains the most probable letters in every posi-
tion. In accordance with equation (2) we define the weight kernel ws = (c⋅fs)1/h. Let us 
put the normalization factor c equal to 1/ fc

 , where fc is the frequency of the consensus 
sequence. So the weight of consensus sequence equals 1. Hence, the weight kernel 
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sequence s to consensus and γjl are the distance coefficients. The larger the distance 
the less weight it is assigned to this sequence in the model of the given consensus. 
Smoothing parameter h regulates the dependence of sequence weights from the dis-
tance. 

Using the inputted above denotations one can derive an equation for the vol-
ume of kernel w(s) based on a weight matrix || fj l || 
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where l is a letter of alphabet ΑΑΑΑ. When functional Φn,h reaches its maximum its deriva-
tive equals zero. So from equation (5a), (5b), (6) by substituting the appropriate deno-
tations we get 
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ΩΩΩΩn(jl) is a subsample of sample ΩΩΩΩn those that the letter l is situated in position j. The 
d(Φn,h) equals zero when every member of the sum from right part of equation (7) 
equals zero. We get from the equation (7) to the following equation system 
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The value of g is calculated from the normalization requirement 1=�
∈ΑΑΑΑλ

λjf . The 

densest kernel corresponds to the probabilities p(s) that in the best way describe the 
distribution of sequences near the local maxima. 

2.2   Algorithm for detection of multiple patterns in the unaligned sequence sets . 

In the algorithm each weight matrix is calculated on the basis of subsequences (words) 
of length m picked up from the sample (one subsequence from each sequence). The 
present algorithm is initialized by a random choice of a starting subsequence of the 
length m from one random sequence of the sample. From all other sequences, one 
subsequence of the length m is picked up which is the closest to the starting subse-
quence. On the basis of all these subsequences the initial weight matrix is calculated 
by just counting of the letters in the appropriate positions. When the initial weight 
matrix || fj l || is built the appropriate weight kernel coefficients and distance coeffi-
cients are calculated. The algorithm makes several recursive iterations calculating the 
next weight matrix coefficients from the equation (9) using currant weight kernel and 
distance coefficients. The iterations are stopped when no further changes in the matrix 
elements fjl are observed. 

3  Results 

First, we tested the Kernel method on a set of simulated data and compared its per-
formance with other methods of pattern discovery. After that we applied it to analyze 
three sets of TF binding sites. And finally, we use the found patterns in the analysis of 
gene expression data.  

3.1   Comparison of the kernel method with other motif search algorithms using 
simulated data. 

To compare the developed algorithm with other known algorithms we have prepared 
several samples of simulated data using a setup similar (Workman and Stormo PSB 
2000). We generated sets of random sequences in which we implanted sites using 
predefined weight matrices.  

We generated sets of 200 random sequences of the length 24bp each (n=200). 
Sites of length 10 (m=10) were implanted in a randomly chosen position into half of 
the sequences (one site in a sequence). The other half of the sequences remains just 
random. The weight matrix X that was used for generation of the implanted sites con-
tains in every position one nucleotide with the maximal weight ξ varying from 0.65 to 
0.95. We call this nucleotide as “consensus” nucleotide. All other nucleotides have got 
weights (1-ξ)/3. In this way we can simulate more conserved or less conserved matri-
ces. Six programs have been compared: the kernel method developed in this work 



 

 

(Kernel), Gibbs sampling program (GIBBS), MEME, CONSENSUS, 
MULTIPROFILER and PROJECTION. 

The default parameters of the programs were used to perform the test. 
Each program runs several times on different sets of generated sequences. After each 
run the matrix Y calculated by the program was compared with the original matrix X 
(distance between matrices is measured by � −=

jl

calculated
jl

initial
jl ppD 2)( ). In order to 

align matrices we slide matrix Y along the matrix X by 3 positions left and right to 
find the best fit. (In the case of mismatching we set frequencies 0.25 to shifted part of 
the X matrix). In Figure 1 we present the results of the comparison of the first four 
programs. It is obvious that the lower the parameter ξ the more difficult for a program 
to reveal correctly the matrix.  
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Fig. 1. Result of comparison of four different pattern discovery programs on the sets of simu-
lated sequences with implanted TF binding sites for one matrix; y-axis: the averaged sum of 
squared differences (D) between revealed matrix and the original one (minimum 5 runs); x-
axis: ξ values, that are the probabilities of “consensus nucleotide” in each position of the ma-
trix. The smaller the value the better is the recognition ability of the program. 

Programs MULTIPROFILER and PROJECTION approach the precision of 
the Kernel method, but only for the smallest values of ξ = 0.65 and 0.7 (D = x and y, 
resp.).  

3.2   Application of the kernel method to the sets of TF binding sites. 

AP-1 and CREB. We take a mixture of binding sites for AP-1 and CREB transcrip-
tion factors from database TRANSFAC. It is known that often transcription factors of 
these two different families bind to the same sites. The analyzed sample contained 155 
sequences. Every sequence contained a TF binding site in the center and additional 10 
nucleotide flanking both sides of the site.  

We have applied our program and have revealed two different patterns. The 
analysis showed that the overwhelming majority of sequences contain a pattern of 
length 7 that corresponds to the consensus: “TGAGTCA”. The second pattern has the 
length 8 and corresponds to the consensus: “TGACGTCA” , which differs from the 
first one by insertion of letter “C” in the forth position. It is important to mention that 



 

 

exactly these two patterns correspond to the known consensi of AP-1 site (the first 
pattern) and CREB site (second pattern). Classification of the investigated sites shows 
that some of them contain both of these motifs located at different locations but close 
to each other.  

We have applied two other programs: CONSENSUS and Gibbs sampling to the 
same set of sites. Using default parameters of these two programs we were not able to 
reveal two different patters. Only one pattern was revealed that presents a mixture of 
the original two: “T(g/a)(c/a)GTCA”. It is noteworthy to pay attention that the kernel 
method by its nature is able to reveal correctly two matrices that are very similar to 
each other where most of other methods have much higher failure rate. 

AhR. We have analyzed a relatively small set of 24 binding sites for transcription 
factor AhR that plays a very important role in the antitoxic cellular response. We 
identified two pattern subtypes: “TTGCGTGA”(matrix V$AHR_N1, see Fig.2) and 
“CTCGCGTG” (V$ANR_N2) that differ mainly at their 5’ end and may correspond 
to two different groups of binding complexes.  

V$AHR_N2

V$AHR_N1

V$AHR_Q5

V$AHRARNT_01

V$AHR_N2

V$AHR_N1

V$AHR_Q5

V$AHRARNT_01

Fig. 2. Sequence logos of the weight matrices for AhR binding sites. Last two matri-
ces are taken from TRANSFAC, first two are generated in this work.  

 3.3   Analysis of alteration of gene expression in human and rat hepatocytes by 
toxins. 

We studied genes whose expression is regulated by a ligand-activated transcription 
factor AhR (aryl hydrocarbon receptor) that mediates responses to a variety of toxins. 
Expression of a number of genes was measured by RT-PCR in human and rat hepato-
cytes after treatment with Aroclor 1254 (artificial ligand of Ah – receptors). 111 (72 
human and 39 rat) of differentially expressed genes were identified. To retrieve the 
promoter sequences of the genes we use Ensembl and DBTSS databases (Suzuki et 
al., 2002). The beginning of the annotated first exon was considered as a tentative 
TSS (transcription start site). For the analysis we selected the regions around TSS: -
1000/+100.  
To analyze the structure of these promoters we applied a novel method CMFinder 
(Kel et al, 2004 submitted). This method applies a genetic algorithm to identify so 
called composite modules (CMs) – specific combinations of TF patterns (in the form 
of weight matrices) that correlate with the level of up or down regulation of the genes. 



 

The program takes as input a full set of known TF matrices and computes an optimal 
combination of them that fits best to the observed expression changes of the genes. 

We have included the new pattern subtypes for AhR binding sites that were found 
on the previous step of analysis. The result of the CMFinder program is shown in 
Figure 3. One can see that both new AhR patterns as well as some other previously 
constructed patterns were selected by the program. The composite module contained 
matrices for AhR, PPAR, HNF-6, STAT, ROR and ETS. 
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ig. 3. Result of applying CMFinder program to the AhR gene expression data. A) The optimal 
mposite module found by the program; two underlined matrices correspond to the two pat-
rn subtypes of AhR sites; column I corresponds to the impact of the matrix into the correla-
on of the composite module score with the level of up or down regulation (positive impacting
p”, negative – “down” regulation); CC, CM – core and matrix cut-offs; Acc and Name –

RANSFAC accession number and the name of the matrix. B) Plot of the correlation between 
mposite module score (x-axis) and the log of gene expression change (y-axis). 
 

It is interesting  that five different AhR matrices were included by the algorithm in 
 CM. This suggests that sites for AhR in the promoters play an important role in the 
 or down regulation of these genes. V$AHR_01 got the maximal impact value. It 
ems to be specific for several cytochrome P450 genes and influences their expres-
n in response to AhR. V$AHRARNT_01 was constructed on the basis of data from 
LEX experiments whereas V$AHR_Q5 was constructed on the basis of genomic 
es. These two matrices as well as two matrices constructed by the Kernel method 
$AHR_N2 and V$AHR_N1) have very different impact values: Two of them 
$AHRARNT_01, V$AHR_N2) have a positive, the other two (V$AHR_Q5, 
AHR_N1) a negative impact value. Comparison of the structure of these two matri-

s shows that they are very similar in the core, but differ in some nucleotides at the 
nks. For example, in position 10 of matrix V$AHR_Q5, the most prominent nucleo-
e is G, whereas in the matrix V$AHRARNT_01  nucleotide “G” in the correspond-
 position is absolutely “forbidden”. Matrices V$AHR_N1 and V$AHR_N2 are 
o different but on the other flank of the site. You can see in the Table 2 that the 
trix V$AHR_N1 have got in the position 2 the consensus nucleotide “T” whereas 
the matrix V$AHR_N2 the corresponding position is mainly occupied by nucleo-
e “C”. This could influence binding of some other factors such as repressors in the 
inity of AhR sites. 



 

 

In general, the Kernel method described in the paper is applicable to sets of un-
aligned regulatory sequences of any length. In a separate study we demonstrated its 
ability to reveal multiple patterns in the sets of tissue specific promoters. 
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