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ABSTRACT

Finding motifs is an important problem in computational
biology. Our paper makes two major contributions to this
problem. Firstly, we better characterize the types of prob-
lem instances that cannot be solved by most existing meth-
ods of finding motifs. Secondly, we introduce a different
method, which is shown to succeed for various problem in-
stances for which popular existing methods fail.

Most existing computational methods to finding motifs are
based on the strong-signal model wherein only strong-signal
searemces (3 +thage that are knaumn 6 contain hindine giteg
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very similar to the motif) are considered as input and weak-
signal sequences (i.e. those do not contain any sub-string

similar to the motif) are disregarded.

Buhler and Tompa have studied the limitations of meth-
ods based on the strong-signal model. They characterized
the problem instances for which the motif is unlikely to be
found in terms of the number of input (strong-signal) se-
quences needed under the assumption that each input se-
quence contains exactly one binding site. They further gave
a method to calculate the minimum number of input se-
quences required.

‘We re-characterize the limitations of the strong-signal model
in terms of the minimum total number of binding sites,
rather than the minimum number of strong-signal sequences,
required to be in the input data set. We use a probability
matrix to represent a motif instead of a string pattern to cal-
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culate the minimum total number of binding sites required.
This new characterization is shown to be more general and
realistic.

Next, we introduce a more general and realistic energy-
based model, which considers all available sequences (includ-
ing weak-signal sequences) with varying degrees of binding
strength to the transcription factors (as measured experi-
mentally by observed color intensity). Given varying degrees
of binding strength, our model can consider sequences rang-
ing from those that contain more than one binding site to
those that are weak sequences. By treating sequences with
different degrees of binding strength differently, we develop a
heuristic algorithm called EBMF (Energy-Based Motif Find-
ing algorithm) using an EM-like approach to find motifs
under our model. This EBMF algorithm can find motifs
for data sets that do not even have the required minimum
number of binding sites as previously derived for the strong-
signal model. Our algorithm compares favorably with com-
mon motif-finding programs AlignACE and MEME, which
are based on the strong-signal model. In particular, for some
simulated and real data sets, our algorithm finds the motif
when both AlignACE and MEME fail to do so.
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1. INTRODUCTION

One great challenge in molecular biology is to understand
the regulation of gene expression - the process by which
a segment of DNA is decoded to form a protein. Two
main steps for gene expression are transcription and transla-
tion. During the transcription process, an mRNA molecule
is formed by copying a gene from the DNA. During the trans-
lation process, the mRNA is decoded to produce a protein.

To start the transcription process for a particular gene, one
or more corresponding proteins, called transcription factors,



have to bind to several specific regions, called binding sites,
in the promoter region of the gene. A transcription factor
can bind to multiple binding sites, but these sites typically
have similar length (usually about 8 to 20 bp) and a com-
mon DNA sequence pattern. For most transcription factors,
the common patterns for their corresponding binding sites,
simply referred to as the motifs, are still unknown. Many
laboratory-based methods for motif identification have been
developed. However, these experimental methods are both
expensive and time-consuming.

A recent trend in motif-finding is to make use of compu-
tational methods based on microarray data. Most existing
computational methods [1, 2, 6, 7, 10, 11, 13, 15] are based
on having a set of sequences that are known to contain bind-
ing sites with strong signals (i.e. the strong-signal model)
as input. These approaches assume that a sufficient num-
ber of such strong-signal sequences are available. However,
this assumption may not be valid for some transcription
factors, and the number of strong-signal sequences may be
too small to successfully find the motif using existing meth-
ods. Some motif-finding algorithms also consider sequences
that are known not to contain any binding sites, in addition
to strong-signal sequences [3, 8]. However, for these algo-
rithms, the number of weak-signal sequences with plausible
binding sites is used in the hyper-geometric analysis in or-
der to compute the probability of such occurrences under the
null-hypothesis. The lower the probability, the more plau-
sible that such occurrences are not artifacts. No attempt is
made to exploit the patterns of sequences without binding
sites in order to find the motifs more effectively. Sequences
without binding sites should not contain any patterns sim-
ilar to the motif, and this can be a useful form of infor-
mation. In fact, all sequences, strong-signal or weak-signal,
with multiple occurrences of binding sites or without bind-
ing sites contain different information about the motifs in
various forms and can be useful for motif-finding.

In this paper, we focus on finding motifs for data sets that
contain insufficient number of sequences with strong signals.
We first study the limitations of existing methods that are
based on the strong-signal model. Then we introduce a more
general and realistic energy-based model for dealing with
data sets containing insufficient number of sequences with
strong signals. The approach we use is different from that
in [3, 8] in the sense that our model can handle sequences
containing a varying amount of signal, i.e. varying from se-
quences contain multiple binding sites to sequences without
any binding sites. Last, we show how our algorithm finds the
correct motif under those situations that algorithms based
on strong-signal model fail to do so.

1.1 Better Characterization for Strong-Signal
Model

Buhler and Tompa [6] have studied the limitations of compu-
tational approaches based on the strong-signal model. They
proposed a method to calculate the minimum number of in-
put sequences required and showed that, if the number of
input sequences is less than the minimum requirement, it
is unlikely that there exists a computational approach that
can identify the motif.

One important assumption in their study is that each input
sequence contains exactly one binding site. In real situa-
tions, there can be multiple occurrences of binding sites, or
multiple binding sites, for the same transcription factor in
one sequence [4, 5, 12]. In other words, even if the num-
ber of strong-signal sequences in the input data set is small,
there may still be enough binding sites or signals to enable
the discovery of the motif. This observation is supported by
an experiment using only three very special sequences with
strong signal as input to identify the motif for GAL4, where
each of the three sequences contained multiple binding sites
(see Section 2 for more details). We tested this input set
on two common motif-finding programs, AlignACE [7, 15]
and MEME [1], which are based on the strong-signal model.
‘We found that both programs could successfully identify the
motif. Some natural questions to ask are then: how do we
decide whether an input data set has enough signals for mo-
tif recovery, and what are the limitations of strong-signal
model if we allow multiple binding sites in each sequence?

Our first contribution is to improve Bulher and Tompa’s
results by allowing multiple binding sites in each sequence.
We characterize the limitations of the strong-signal model in
terms of the minimum total number of binding sites, rather
than the minimum number of strong-signal sequences, re-
quired to be in the input data set. Bulher and Tompa rep-
resent a motif of length [ by a length-/ string. A more general
representation, which is used by most existing approaches,
makes use of a probability matrix. The probability matrix is
a 4 x | matrix where the rows are indexed by the nucleotides
“A” “C7,“G7,“T” and each entry in the k-th column of the
matrix represents the probability of the nucleotide’s occur-
rence at position k of the binding site. So we represent a
motif by a matrix instead of a string. Our characterization
on the limitation of the strong-signal model is confirmed by
some data sets on programs AlignACE and MEME.

1.2 Energy-Based Model

Existino aleoorithms are not effective to identifv the motif
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for input data sets that contain insufficient number of se-
quences with strong signals (see Section 2 for experimental
results). Our main contribution is a new approach to solv-
ing this problem.

Existing algorithms have the following problems. They as-
sume that each binding site in the strong-signal model con-
tains the same amount of signals. However, in reality, differ-
ent binding sites have different binding strengths with the
transcription factor, thus contain different amounts of sig-
nals. Also, sequences having comparatively weak signals (in-
cluding sequences with a weak binding to the transcription
factor and sequences without binding sites) are not used. In
fact, these ignored weak-signal sequences also carry useful
information for identifying the motif.

In our model, we introduce a more general and realistic
energy-based model to capture previously-ignored informa-
tion. We make use of the additional information from exper-
iments and consider the binding strength (as measured ex-
perimentally by observing color intensity) of each available
sequence. Intuitively the binding strength should relate to
the degree of similarity between the motif and the binding
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