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1 Introduction
We developed a statistical method for estimating gene networks and detecting promoter elements
simultaneously [5]. When estimating a gene network from microarray gene expression data alone, a
common problem is that the number of microarrays is limited compared to the number of variables in
the network model, making accurate estimation a difficult task. Our method overcomes this problem
by combining the microarray gene expression data with the DNA sequence information, into a Bayesian
network model. The basic idea of our method is that, if a parent gene is a transcription factor (TF),
its children may share a consensus motif in their promoter regions of the DNA sequences. Our method
detects consensus motifs based on the structure of the estimated network, then estimates the network
again using the result of the motif detection. Our method continues this iteration until the network
becomes stable.

2 Method
Figure 1 shows the conceptual view of our method. First, we estimate a gene network from micorarray
data alone using a Bayesian network model [3]. Based on the structure of the network, we then focus
on several genes which are regarded as TF candidates in the estimated network, and define sets of
genes that may be co-regulated by each TF candidate. A motif detection method [1] is performed
for detecting a consensus motif from each set of possibly co-regulated genes. To reflect the network
structure into the motif detection method, we exploit scores attached to each gene. These scores are
calculated by a Bayesian network method and represent the likelihood of being a child of a certain
parent gene. The motif detection method looks for motif patterns whose appearance in the upstream
region is most correlated with the scores of genes.

After the motif detection, we revise the structure of the network based on the motif information.
Figure 2 shows an example of such correction of edges. After revising the network, we estimate the
network again, this time embedding the information of motif existence into a prior probability of the
network [2]. This iterative procedure, the motif detection and the network re-estimation, is repeated
until the estimated network does not change any more.
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Figure 1: Conceptual view of our method.
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Figure 2: Example of modification for edges.

Table 1: Results of Monte Carlo simulations.

experiments sensitivity specificity

with motif info 71.8 % 54.0 %
without motif info 70.9 % 38.4 %

Table 2: Found motifs in REB1 and ARG2.

MCM1 SFF
motif CCY-WWWNN-RG RYMAAYA

ACE2 CtC-AAAA-CGGcaaaat-GTAAACAttggc

REB1 CCaaccTAA-AGtaaataaATAAACAtcatc

ARG2 CCagTTccACGGcaactcacTAAACctatcc

3 Result
We conducted Monte Carlo simulations to evaluate our method. At first, we designed an artificial
gene network, then generated pseudo microarray data from the network and pseudo DNA upstream
sequences for each gene. Table 1 represents the result of Monte Carlo simulations. Although the
sensitivity did not change largely, the specificity increased drastically when combining the microarray
data with the motif information (34.4 % → 54.0 %).

Next, we applied our method to S. cerevisiae microarray gene expression data. In the motif
detection step, our method chose CHA4 as a TF candidate, and searched motifs from its children
and grand-children. Using motif information, we successfully correct the direction of some edges. In
addition, we found from several genes in the estimated network, a motif taaac which is known as a
motif bound by transcription factor SFF [4]. ACE2, known as a SFF regulated gene, is also located
near the network on which we focused. These facts may suggest that CHA4 and SFF have some
relationship. Furthermore, from both DNA sequences REB1 and ARG2 which contain taaac, we also
found a possible MCM1 binding site, located immediately upstream of taaac, like other MCM1-SFF
regulated genes such as ACE2 (Table 2).
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