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Transcription factor binding sites (TFBS) play key roles in genebior 6.8 wavelet expression and regulation. They

are short sequence segments with definite structure and can be recognized by the corresponding transcription factors

correctly. From the viewpoint of statistics, the candidates of TFBS should be quite different from the segments that

are randomly combined together by nucleotide. This paper proposes a combined statistical model for finding over-

represented short sequence segments in different kinds of data set. While the over-represented short sequence segment

is described by position weight matrix, the nucleotide distribution at most sites of the segment should be far from the

background nucleotide distribution. The central idea of this approach is to search for such kind of signals. This algorithm

is tested on 3 data sets, including binding sites data set of cyclic AMP receptor protein in E.coli, PlantProm DB which is

a non-redundant collection of proximal promoter sequences from different species, collection of the intergenic sequences

of the whole genome of E.Coli. Even though the complexity of these three data sets is quite different, the results show

that this model is rather general and sensible.
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1. Introduction

As more and more genome are sequenced, one ma-
jor challenge in the ‘post-genome’ era is to understand
biological functions with the help of genome sequence
in which secret of life is encoded. One of the first
important steps in this process is to identify evolu-
tionarily conserved fragments in the promoter regions
of genes. These DNA segments are called motif and
play key roles in the procedure of gene’s regulation,
transcription and expression. Most of them act as the
transcriptional factor binding sites (TFBS) that are
bond by some proteins to activate or inhibit the ex-
pression of corresponding genes.

Traditionally, two main computational models
have been used to describe the experimentally deter-
mined TFBS: consensus sequence and position weight
matrix (PWM). Consensus sequence is essentially the
most likely sequence of the binding sites, and the vari-
ability at each site has been ignored. PWM model, on
the other hand, tried to capture the inherent variabil-
ity at each sites, it assigns a probability distribution
of the four nucleotide to each position of the binding

sites. Therefore, consensus sequence is just a particu-

lar case of the PWM, and the PWM is more general
than consensus to describe the TFBS.

Algorithms that based on consensus model usu-
ally adopt the strategy of enumeration,'=% and
oligonucleotides with statistical significance are re-
garded as potential TFBS. The limitation of those
approaches is that the computational effort grows
exponentially in the length of the site. The other
kinds of algorithms that based on the PWM model
can be further categorized into three different classes:
(i) consensus building greedy algorithm,[®! the well
known free software package of this algorithm is CON-
SENSUS (http://ural.wustl.edu/~jhcl/consensus/);
(ii) Expectation-Maximization (EM) algorithm,(©-8]
MEME
one of the free software packages of this algorithm; (iii)

(http://meme.sdsc.edu/meme/website/) is

Gibbs sampling algorithm,!%!% Gibbs motif sampler
(http://bayesweb.wadsworth.org/gibbs/gibbs.html/)

is a realization of this algorithm. The difficulty of
such kind of motif search algorithms is that both
the positions where motifs are located in the DNA
sequences and the parameters of the model describ-
ing the motifs need to be determined simultaneously.
Without any prior knowledge, these algorithms adopt
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different strategy to determine the parameters of the
model by optimizing an objective function, i.e., the
original difficult problem is now transformed to an op-
timization problem. Since it is very difficult to find a
global optimization solution, the first common feature
of these algorithms is to initialize a model randomly
at first and then to improve it iteratively. The second
common feature of these algorithms is to restrict them
on a data set with relatively high signal-noise ratio
and to search for those common and over-represented
sequence patterns. The data set usually consists of
the upstream regulatory regions of co-regulated genes
(by clustering genes on the basis of their expression
profiles or functional annotation). With the advent of
whole genome sequencing, an alternative approach is
to compare the regulatory regions of orthologous genes
in different species to identify functionally conserved
sequence motifs.[11:12]

In this paper, we report our model which is used
to search multiple motifs simultaneously, the results
show that it not only works well on carefully prepared
data set, but also works well on the collection of in-
tergenic sequences of the whole genome of E.Coli.

2. Method description

Suppose that there is a data set O which consists
of N DNA sequences, O = {0;,i = 1,...,N}, and
the length of each sequence is L;. These sequences
are obtained either from the upstream regions of co-
regulated genes, or from orthologous genes of different
species, or from the intergenic sequences of a genome.
The basic model of motif search algorithm assumes
that one or more motifs are hidden among the se-
quences, and they are regarded as signals to be de-
tected, the other part of the sequences except motifs
are background noises. Therefore, for each sequence
in O, there exists a hidden state sequence which as-
signs each base in the sequence either a state of motif
or a state of noise, this state sequence is usually called
a path. Motifs are described by PWM, and noise is
described by single nucleotide probability distribution.

For CONSENSUS algorithm,®! searching for mo-
tifs which hidden in O is realized by maximizing the
objective function

I= Z Z foi log fbl (1)

where b is the index of four nucleotide, ¢ represents
the position of a site in the motif, p;, is the probability

of nucleotide b under background, f; is an element of
the PWM, it represents the probability of nucleotide
b appearing at position i in the motif. If the objective
function I is greater than a threshold, the PWM is
accepted as a potential motif.

For Gibbs sampling algorithm, %! it first assume
that there is only one motif in O, and then this motif
is detected by maximizing objective function I,

ZZIO

where 7 is the index of sequences in O, k represents the

fob(al-i-k) k (2)
poI (a; +k)

position of a site in the motif, a; is the start site po-
sition of the motif in sequence o;, therefor fo;(aitr) r
represents the probability distribution of nucleotide
oi(a; + k) at position k in the motif, and po;(aitx) is
the background probability distribution of nucleotide
oi(a; + k).

For MEME algorithm,[®) data set O is first bro-
ken up conceptually into a new data set X which con-
sists of subsequences of length w (this is the length
of the motif to be detected), these subsequences are
cut from the sequences in O one by one in overlapping
manner. Then MEME algorithm transforms the tar-
get of searching for motifs hidden in O to the problem
of optimizing the classification of X, i.e. to classify
X into different groups by maximizing the likelihood
function

0) =[] r(ile)

where z; is a sequence in X, O represents the

=[[>_Pigl6) (3)

i=1 g

parametrized model, and is defined by (Ao, p(b|0), A;,

p(blj, i), where Ag is the probability that a sequence

in X is generated from background, \; is the prob-
ability of the sequence that is generated from motif
i, p(b|0) is the background probability distribution of
nucleotide b, p(b|j,4) is the probability of nucleotide
b appearing at position j in motif ¢; g represents one
of the possible group schemes for sequences in X; the
summation covers all possible group schemes.

Since it is very difficult to find global maxima
in optimization problem, especially when the solution
space is complex, reducing the dimension of solution
space will be helpful for finding optimization solution.
In our algorithm, the parametrized model is reduced
as

0 = {p(), p
Jj=12,

0lj, 1), i=1,2,..,K;
sw; be(A,C,G,T)}, (4)
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Z p(b) =1, Z

be(A,C,G,T) be(A,C,G,T)

p(lj,i) =1, (5)

where K is the number of motifs assumed in O, w is
the length of the motif, p(b|j,4) represents the prob-
ability of nucleotide b at position j of motif ; the
noise background, which refers to the remainder of
the sequences except motifs, is described by p(b),
be (A C/G,T). Under such a model, the likelihood

function which needs to be maximized is

Lo;e)=> I »0™“TII]

S be(A,C,G,T) i=1j=1

< I »0lgo=®.  ©

be(A,C,G,T)

where S represents one of the possible paths of O,
no(b) is the number of times that nucleotide b appear-
ing as background noise under path S, n;;(b) is the
number of times that nucleotide b appearing at posi-
tion j in the motif 4 under path S. To maximize the
likelihood function with EM algorithm, we actually
need to optimize p(b) and p(b|j,7). Comparing the
four algorithms mentioned above, we find that our al-
gorithm adopts both the parametrized model used in
CONSENSUS and Gibbs sampling algorithm and on
the optimization method used in MEME. The follow-
ing test results also show that this approach is rather
sensible and general for different data sets.

3. Test results

Our algorithm is tested on 3 data sets with dif-
ferent complexity. The first one we used to test our
algorithm is 18 DNA fragments of length 105 each
known to contain cyclic AMP receptor protein (CRP)
binding sites.[>8] This is a small data set with strong
signal-noise ratio, and all the three methods men-
tioned above work well to find the signal. In our
model, while we set the length of the motif to be
20 bps and the number of motifs to be 5, the most
strong signal is just the CRP binding sites whose logo

(http://weblogo.berkeley.edu/) is shown in Fig.1.
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Fig.1. Sequence logo of CRP binding site.

The second data set we wused 1is selected
from PlantProm DB which
http://www.softberry.com/. PlantProm DB is an

annotated, non-redundant collection of proximal pro-

is downloaded from

moter sequences for RNA polymerase II with experi-
mentally determined transcription start site(s), it con-
tains 305 entries, including 71 from monocot, 220
from dicot and 14 from other plants. All stored pro-
moter sequences in this database are of the same
length, 251 bp, and position 201 corresponds to the
TSS (Transcriptional Start Site). The strongest signal
in both the monocot and dicot data sets is the TATA
box motif. For the 220 promoter sequences of dicot,
In our model, TATA box was found 199 times totally
in 144 promoter sequences, and 46% of them , which is
91 TATA boxes, are located between TSS+60bp and
TSS+40bp. Figure 2 is the logo of TATA box we have
found, it is a very strong signal in comparison with
its environment. The strongest signal of this data set
found by Gibbs sampler and MEME are show in Figs.3
and 4 respectively. Obviously, both of them fail to find
the strongest signal.

Fig.3. Logo of motif found by Gibbs sampler
in dicot.
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Fig.4. Logo of motifs found by MEME in di-
cot.

For the 71 promoter sequences of monocot, Gibbs
sampler, MEME and our method all found a signal,
whose logo is shown in Figs.5, 6 and 7 respectively.
Clearly, both MEME and our method found TATA
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box as the strongest signal, while Gibbs sampler found
something else. In this case, TATA box was found 66
times in promoter sequences in our method, and 61%
of them, which is 41 TATA boxes, are located between
TSS+60bp and TSS+40bp.
TATA box is the most strong signal in comparison

Again, we can see that

with its environment (Fig.7).
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Fig.5. Logo of TATA box found by Gibbs sampler in
monocot.

Fig.6. Logo of TATA box found by MEME in mono-
cot.
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Fig.7. Logo of TATA box found by MEME in mono-
cot.

The third data set on which we tried our algo-
rithm is the collection of intergenic sequences of one
strand of E.Coli.
in E.Coli is different. For simplicity, sequences with
length longer than 200 bps and shorter than 1000 bps
are remained, and if there is sequence whose length is
longer than 1000 bps, then only the forward 1000 bps
is cut out and accepted. This data set contains 959

The length of intergenic sequence

entries. To save time, this data set is divided into
3 subsets, each contains ~300 sequences. In this
case, both Gibbs sampler and MEME fail to find
signals from the data sets, and our method found 4
strong motifs which are most probably some biologi-
cal functions. The logo is shown in Figs.8, 9, 10 and
11, respectively. The first motif shown in Fig.8 is a
palindrome, it appeared 44 times in the intergenic re-
gion of the positive strand, and while we search the
pattern GCCGGATNNGGCGNNNNCGCC in the in-
tergenic region of the whole genome in web server
(http://genolist.pasteur.fr/Colibri/), we found 111

matches. This palindrome is also found by Li,"¥ and

in their web server, it is named matrix 11 and does
not match with any known factor.

ol

Fig.8. logo of the first motif found in the intergenic
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Fig.9. Logo of the second motif found in the intergenic
region of E.Coli.

Fig.10. Logo of the third motif found in the intergenic
region of E.Coli.

Fig.11. Logo of the fourth motif found
genic region of E.Coli.

in the inter-

The second motif shown in Fig.9 appeared 15
times in the intergenic region of the positive strand.
To search the pattern GTAGGCNNGATAAGACGC
in (http://genolist.pasteur.fr/Colibri/), we found 104
matches in intergenic region of the whole genome.

The third motif shown in Fig.10 appeared 58
times in the intergenic region of the positive strand, it
has a weak palindrome, CCCCGCNNNNGCGGGG ,
and this pattern has 50 matches in the intergenic re-
gion of the whole genome.

The fourth motif shown in Fig.11 appeared 32
times in the intergenic region of the positive strand,
it also is a weak palindrome, CCTGA(Nx)TCAGG.
When the interval between CCTGA and TCAGG is
allowed to change from 0 to 14, there is 494 matches
in the intergenic region of the whole genome.
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4. Discussion

It is well known that the structure of the promoter
sequence is rather complicated, and many transcrip-
tional factors usually need to bind with promoter se-
quence and work together to activate or inhibit the
expression of the gene, therefore there often exist sev-
eral correlated TFBs in the promoter sequence. To

find these signals out simultaneously and furthermore
to uncover the correlation relationship among them is
the key to for us to understand the interaction between
genes. Based on CONSENSUS, Gibbs sampling and
MEME algorithm, we supposed a combined approach
for multiple motifs search, and testing results show
that our approach still works well after we reduced
the model parameter space.
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