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Abstract. The mechanism of gene regulation has been studied intensely
for decades. It is important to identify synergistic transcriptional motifs.
Its search space is so large that an eﬃcient computational method is
required. In this paper, we present the method that can search automatically both transcriptional motif list and gene expression proﬁles for
synergistic motif combinations. It uses evolutionary algorithms to ﬁnd
an optimal solution for the problems which have the huge search space.
Our approach includes the additional evolutionary operator performing
local search to improve searching ability. Our method was applied to
four Saccharomyces cerevisiae gene expression datasets. The result shows
that genes containing synergistic motif combination from our optimization technique are highly correlated than those from k-means clustering.
In cell cycle as well as other expression datasets, our results generally
coincide with the previous experimental results.

1

Introduction

One of the great challenges in the post-genome era is to understand gene regulation on a genomic scale. The availability of complete genome sequences and
large-scale gene expression data of many species has opened up new possibilities of understanding gene regulatory mechanisms. From this point of view,
functional combination of transcription factor binding sites (TFBS) is an essential part to understanding gene regulations and a variety of computational
techniques will play a key role in generating hypotheses for further study of
regulatory mechanisms.
Transcriptional regulation in eukaryotes depends on the activities of hundreds
of sequence speciﬁc DNA binding proteins known as transcription factors (TFs).
In other words, complex expression patterns are mediated by a combination of
transcription factors which bind to cis-regulatory regions. Each TF recognizes
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a speciﬁc site in the promoter region that is a unique family of short sequence
elements, usually from 5 to 15 base pairs in length. Although the number of transcriptional factors are limited, the combinatorial transcriptional control makes
it possible to regulate genes in response to a variety of signals from the environment.
There have been several works which identify regulatory elements by using
microarray data [1][2][3]. These approaches take the following procedure. First,
gene expression data is clustered to look for the co-expressed gene group. Then a
motif ﬁnding algorithm scans shared patterns over the sequences. It is based on
the underlying hypothesis that co-expression of genes implies common regulatory
mechanism. Pilpel et al. [4] attempted to identify synergistic motif combinations
that control gene expression patterns in Saccharomyces cerevisiae. Their result
was obtained through exhaustive computing of expression coherence for genes
containing each motif pair. Currently, one of more systemic approaches is generating of probabilistic frameworks integrated by the models of Segal et al. [5].
Further, there are several approaches that apply machine learning techniques
such as self-organizing maps (SOM), associative clustering (AC) to this problem
[6][7]. If we deﬁne this problem as an optimization problem, EAs is one of the
most appropriate methods for solving it.
In this paper, our goal is to search motif combinations that importantly participate in several regulatory processes of conditions, including the cell cycle.
We introduce a technique searching potential transcriptional motif combinations that aﬀect a regulation in several experimental conditions. Our method
corresponds to a searching technique through optimum search algorithms based
on the mechanism of natural selection in a population and incorporating local
search [8]. Here, each individual in the population represents a set of possible
motif indexes in the upstream region of a gene. The ﬁtness measure is based on
the clustering for gene expression proﬁles containing common motifs.
For transcriptional motifs, we used the dataset of known and putative transcription regulatory motifs identiﬁed by applying motif ﬁnding algorithm in each
gene of the Saccharomyces cerevisiae [4]. We evaluated on four expression proﬁle datasets including cell cycle and protein interactions extracted from MIPS
protein complex database [9]. Our results were compared with k-means clustering of measuring coherent motifs in four expression datasets. Also, we examined
whether the algorithm recovers previous known synergistic motifs from four expression datasets.

2

Methods

The main point in search problem for motif combination is to ﬁnd several motif sets correlated in diﬀerent expression patterns over total expression space.
Our approach is designed to perform both searching motif combinations and
clustering gene expression proﬁles.
Let G be a gene set for the analysis. G consists of {g 1 , g 2 . . . , g N } with total
i
number of genes, N . g i given by i-th gene has the set of motif indexes, gM
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i
and the expression proﬁle, v(g i ). Here gM
consists of {mi1 , mi2 , . . . , miz } that is a
subset of total motif index set. z is the size of motif indexes for each gene and has
variable size. For each gene, the set of motif indexes has diﬀerent combination
and there is the set of common motif indexes for several genes which is M . Let
gM be genes with this set of motif indexes. The algorithm ﬁnds best K motif
combinations that make diverse gene clusters over expression proﬁles.

2.1

Individual Representation

Given the number of clusters K, each individual is represented as the set of
strings, S = {s1 , s2 , . . . , sK }. Here i-th string si is represented as [l, m1 , m2 , . . . ,
mqmax ]. Each m is the index of motif picked from total motif indexes. l is the
size of actual motifs so that only motif combination is considered from m1 to
ml and the rest are not used to measure ﬁtness. At initial generation, each m is
randomly selected from motif list. This representation provides motif combination with variable size. The size l is converged by evolutionary procedure. For
K cluster, there are l1 , l2 , . . . , lK and let L be a set of them. The motif combination used to measure ﬁtness is M = {m1 , m2 , . . . , ml }. Given the number of
clusters K, the aim of learning is to ﬁnd a set of optimal motif combinations,
M∗ = {M1 , . . . , MK }best .
2.2

Algorithm Overview

The individual represents a set of motif combinations and it is a possible solution
of motif combinations. These solutions are ﬁtted as the generation goes. At the
last generation, the best motif combinations are selected and it is veriﬁed with
other resource such as protein complexes. Figure 1 presents the summary of
algorithm for searching synergistic motif combination.
An initial population is randomly created by the population size P op. Each
individual Ii in the population is then evaluated using the ﬁtness function for
motif combinations Mi . Then, selection is performed by randomly choosing
a pair of individuals from the mating pool. Our selection strategy is roulette
wheel selection (RWS) that is based on probabilistic selection [10]. After selection, crossover operation is performed with probability pc . Two oﬀsprings are
produced through the exchange of genetic information between the two parent
strings. In this paper, crossover operator creates two new individuals through
swapping all strings with the randomly-chosen crossover point. It can be deﬁned as [sa1 , sa2 , . . . , saK ] × [sb1 , sb2 , . . . , sbK ]. Mutation operators were performed by
choosing a mutation point with a low probability. They ﬂipped the bit at that
point for the actual motif size. Then hill-climbing search is performed for motif
indexes. The above steps are repeated until a termination condition is reached.
Otherwise, it stops if the number of generations reaches maximum generation.
2.3

Fitness Function

The ﬁtness of each individual is deﬁned by
F itness = αEC + S.

(1)
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Procedure TranscriptionalModuleSearching(K, P op)
K: number of clusters
P op: size of population
begin
Initialize population: I1 , . . . , IP op .
for motif combinations Mi of each individual Ii do
ﬁtness evaluation
end
t := 0
while (not termination condition) do
for i := 1 to #recombinations do
Select two parents I a , I b randomly
Crossover motif combination sets S a , S b




Add oﬀsprings I a , I b to next population
end
for i := 1 to #mutation do
Select an oﬀspring I c randomly
Mutate size of actual motif Lc
Local search for motif combinations Mc
end
t := t+1
end
Fig. 1. Summary of the algorithm.

EC (expression coherence) represents how well the related genes are clustered in
expression space and S (separation) explains how several groups are separated
each other. In other words, the ﬁtness induces clustering of genes in expression
space. Here α is a parameter to control trade-oﬀ of two terms. If α is highly
weighted, it emphasizes condensation of each gene group, otherwise it is emphasis
on the separation among groups.
When Mk is the k-th motif combination in a certain individual of the algorithm and gMk deﬁnes the genes containing Mk , EC is deﬁned as
EC =

K
1 
C(gMk ),
K

(2)

k=1

where C(gMk ) is a mean of correlation coeﬃcients as follows:
C(gMk ) =

Jk 
Jk
1 
j
i
r(v(gM
), v(gM
)).
k
k
P i=1 j=i+1

(3)

Where r is the similarity between gene pair over expression proﬁles. It is
i
) indicates the expression
measured by the Pearson correlation coeﬃcient. v(gM
k
proﬁle of i-th gene containing Mk . P is the total number of possible gene pairs,
(Jk2 − Jk )/2. Jk is the total number of genes in k-th group.
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EC is the similarity measure among gene expression proﬁles in the gene
group containing the motif combination. On the other hand, S is the dissimilarity
measure among K groups that contain each expression proﬁles. S is deﬁned as
follows:
S=

K
K
1  
d(v̂(gMi ), v̂(gMj )).
P i=1 j=i+1

(4)

Where v̂(gMi ) is a mean of expression proﬁles of genes containing motif combination Mi and the distance d is 1 − r.

3

Experimental Setup

Our method was applied to the following datasets. Motif dataset contains yeast
motif information extracted by Pilpel [4]. This motif dataset consists of 37 known
motifs and 329 putative motifs that are upstream DNA promoter motifs obtained
using the AlignACE program. We generated dataset by checking an occurrence
of motifs for each gene.
To verify our method, we used the result of microarray analysis of 800 ORFs
involved during the yeast cell cycle [11]. This dataset was used to examine a
characteristic of our method in synergistic eﬀect of motifs. As another test for
synergistic eﬀect, algorithm was additionally applied to sporulation, heat-shock
and diauxic shift expression data for over 6000 ORFs [12].
The parameter setting of algorithm is as follows. The size of individuals is
100 and the maximum generation is 200. Crossover probability pc is 0.9 and
mutation probability pm is 0.01. In reproduction, we use elitist selection. Elitism
ensures that at least one copy of the best individual in the population is always
passed onto the next generation. For local search, hill-climbing was performed
during 30 iteration. The maximum size of motif combination in representation,
lmax set 5. In the ﬁtness function, α is set to 0.8 and it is heuristic value from
the repeated runs. The size of cluster K sets 5.

4

Results

First, we examined the learning eﬀect of the algorithm from expression proﬁles
of 800 ORFs associated with cell cycle and 37 known motifs. Figure 2 shows the
result of comparison between our method and k-means clustering for expression
coherence distribution. The curve represents the distribution of pair-wise correlations. The distribution for our result is strongly shifted to the right. This
ﬁgure explains that the gene pair obtained by our algorithm is highly correlated
in expression.
We tested correlations between genes containing motif combination from our
method. k-means clustering algorithm was used as a baseline algorithm for comparison. Figure 3 shows the comparison between our method and k-means clustering for the protein interaction ratio. Our test is based on investigation of the
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Fig. 2. The comparison between our method and k-means clustering for expression
coherence distribution (k=30).

relationship between expression proﬁles and protein-protein interactions [13][14].
Their results showed many interactions between proteins encoded by genes in
the same cluster over expression or subunit.
We deﬁne the protein interaction score as the correlation measurement of
genes in the same group. The list for yeast protein interactions was extracted
from MIPS protein complex database. The interaction list was extracted from
971 complex entries and the size is 92068. Protein interaction score is calculated
as the diﬀerence between P ID(M ) and P ID(R) as follows.
P I score = log(P ID(M )/P ID(R))

(5)

P ID is protein interaction density (P ID) which is the ratio of the number
of observed protein interaction pairs to the total number of possible pair-wise
combinations of protein pairs. According to analysis of correlation between transcriptome and interactome, clusters with a signiﬁcantly higher P ID tend to be
tighter in expression proﬁles [13].
P ID(M ) is protein interaction density in the genes containing motif combination M . P ID(R) is protein interaction density in random set. At k-means
clustering, the number of cluster k set 30. After k-means clustering algorithm
was performed, the gene set containing motif combination correlated with cluster
showed lower protein interaction ratio than set from our method.
Finally we present synergistic motif combination for motif dataset in four
diﬀerent expression proﬁle datasets. Figure 4 shows the result of the putative
synergistic motif combinations searched by our algorithm. Motif combinations
given from our method are signiﬁcantly related with particular biological condition.
The result from the cell cycle data presents well known MCB and SCB motif
combination as well as several combination. SBF (SCB-binding factor) and MBF
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Fig. 3. The comparison between our method and k-means clustering for protein interaction score (k=30). This score indicates the measure of the correlation in speciﬁc gene
group.

(MCB-binding factor) regulate genes necessary for the transition through G1/S
[15]. These two are sequence-speciﬁc transcription factors and the two regulatory
elements (MCB and SCB) are well known synergistic motifs. These motifs lead
to combinatorial control and synergistic eﬀects.
In the sporulation, m155 is MSE which is bound in speciﬁc transcriptional
factor Ndt80 [16]. Ndt80 is strongly induced during the middle stages of the
sporulation pathway. It is important to perform sporulation procedure. Moreover, MSE is related to about 150 genes through meiosis. In the heat-shock
dataset, several motifs (RAP1, m301, m303, 306 and 308) are RPE (ribosomal
protein element) which is negatively correlated to this condition.

5

Conclusions

We have proposed an eﬀective method to search for the motif combination of
genes that are co-regulated in the set of experiments. Our approach is based on
the evolutionary algorithm known to be highly eﬀective for several combinatorial
optimization problems. It is designed to perform both searching motif combinations and clustering gene expression proﬁles. Through clustering, our method
prevents the generation of similar motif combinations.
Our results show that the method can ﬁnd several signiﬁcant motif combinations from highly coherent gene expressions. Genes with motif combination found
by our approach were highly correlated than those which are obtained by previous approach. Consequently, the comparison for coherence supports that the
searching result has high conﬁdence for ﬁnding synergistic motif combinations.
Our approach can be used to study the regulatory mechanism at the genome
level.
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Fig. 4. The putative synergistic motif combinations in several conditions. In each grid,
a gray square indicates that particular motif is present in gene set. In top of the grid,
motifs are listed and the value on the right side shows the number of genes in each
cluster.

As the future works, we consider that the method is improved in several
parts. Our searching strategy will be tested by the diverse local searches such
as simulated annealing. Also, we consider a co-evolutionary searching technique
in an aspect of eﬃcient optimization. The co-evolutionary searching technique
can make search both sides. The algorithm will try to ﬁnd motif combinations
in one side as well as clustering gene expressions in the other side.
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