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Abstract—Our goal is to cluster genes into transcriptional modules—sets of genes where similarity in expression is explained by

common regulatory mechanisms at the transcriptional level. We want to learn modules from both time series gene expression data and

genome-wide motif data that are now readily available for organisms such as S. cereviseae as a result of prior computational studies or

experimental results. We present a generative probabilistic model for combining regulatory sequence and time series expression data

to cluster genes into coherent transcriptional modules. Starting with a set of motifs representing known or putative regulatory elements

(transcription factor binding sites) and the counts of occurrences of these motifs in each gene’s promoter region, together with a time

series expression profile for each gene, the learning algorithm uses expectation maximization to learn module assignments based on

both types of data. We also present a technique based on the Jensen-Shannon entropy contributions of motifs in the learned model for

associating the most significant motifs to each module. Thus, the algorithm gives a global approach for associating sets of regulatory

elements to “modules” of genes with similar time series expression profiles. The model for expression data exploits our prior belief of

smooth dependence on time by using statistical splines and is suitable for typical time course data sets with relatively few experiments.

Moreover, the model is sufficiently interpretable that we can understand how both sequence data and expression data contribute to the

cluster assignments, and how to interpolate between the two data sources. We present experimental results on the yeast cell cycle to

validate our method and find that our combined expression and motif clustering algorithm discovers modules with both coherent

expression and similar motif patterns, including binding motifs associated to known cell cycle transcription factors.

Index Terms—Gene regulation, clustering, heterogeneous data.

�

1 INTRODUCTION

SINCE the earliest papers in functional genomics [8],
computational biologists have relied on clustering algo-

rithms as their principal tool for analyzing microarray data.
While clustering has provided useful insights and remains
popular, it can be difficult to interpret clusters in terms of the
underlying mechanisms of gene regulation. Although we
understand that genes with extremely similar regulatory
(promoter) sequences should be expressed similarly, the
converse is generally not true. Moreover, the large systemic
noise inherent in such high throughput technologies as
microarrays [25] make it difficult to distinguish between
subtle expression patterns. Thus, genes within a cluster that
are statistically similar in expression can be biologically
unrelated in regulatory sequence or function.

Recent biology and computational biology literature [13],
[19], [21], [22] has explored the paradigm of a transcriptional
module—a collection of genes under (perhaps combinator-
ial) control of a set of transcription factors that bind to

regulatory elements in the promoter regions for these genes.
Under changes of experimental conditions or in the course
of a time series, genes in a transcriptional module should
undergo similar changes in mRNA expression. In order to
learn the membership of transcriptional modules—or to
study the related question of finding sets of regulatory
elements that co-occur in promoter regions of genes with a
common expression pattern—it is natural to combine both
regulatory sequence and expression data in a statistical or
learning approach. Pilpel et al. [19] study promoter
elements in yeast and define a “motif synergy” score for a
pair of motifs, based on comparison of the expression
coherence of the set of genes that contain both motifs in
their promoters versus those that contain either motif alone.
Thus, rather than fully describing transcriptional modules,
they study “synergistic” relationships between pairs of
regulatory elements. They also explore relationships be-
tween sets of N motifs by considering expression coherence
of each of the 2N sets of genes corresponding all possible
binary signatures (presence or absence) of the N motifs in
the promoter region. Ihmels et al. [13] present an algorithm
to assign genes to (overlapping) transcriptional modules,
but here the notion of module corresponds to an “expres-
sion signature” across experimental conditions, and motif
data are not used. Segal et al. [22] developed a model for
combining promoter sequence data and a large amount of
expression data to learn transcriptional modules on a
genome-wide level in S. cerevisiae. Their algorithm incorpo-
rates a motif discovery procedure for refining the set of
putative regulatory elements that help explain assignments
of genes to modules, and different data sources are
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integrated in a probabilistic relational model. However, this
generative probabilistic model is quite complex and
presents significant technical and computational challenges;
thus, the method requires considerable expertise to imple-
ment, use, or understand. Moreover, the model is appro-
priate only for large expression data sets rather the smaller
data sets that are typically produced by the majority of
biological labs. More recently, Beer and Tavazoie [6] used a
Bayes network approach to try to learn rules based on sets
of motifs in the regulatory sequence of a gene that would
predict its cluster membership, relative to a fixed initial
clustering of genes by gene expression profiles. Also worth
noting is a much earlier paper of Holmes and Bruno [11]
who presented a joint probabilistic model for sequence and
expression data, but used it for the purpose of motif
discovery, adopting a Gibbs sampling approach to find
overrepresented motifs.

Our goal in this paper is to address the global problem of
learning transcriptional modules in a more constrained
setting than in Segal et al. [22]: Starting with occurrence
data of putative regulatory elements and a time series
expression profile for each gene, we present a probabilistic
model for combining the regulatory sequence and expres-
sion data in order to cluster genes into coherent putative
transcriptional modules. Note that we do not perform motif
discovery as part of our learning procedure, but rather
assume that we have a list of motifs for putative transcrip-
tion factor binding sites and the count of their occurrences
in each promoter sequence. These data can be readily
obtained for S. cerevisiae by using any standard motif
discovery algorithm [1], [12] or by searching a database of
regulatory elements such as TRANSFAC [26]. (In particular,
our approach is conceptually different from that of Holmes
and Bruno [11] in that we are using motif profiles with
respect to a known set of motifs as a source of data rather
than seeking to extract a few significant motifs, although
both that work and ours use a framework of joint
probabilistic learning.) Our learning algorithm is based on
expectation maximization (EM) for the underlying gen-
erative model and does not require large computational
resources. Moreover, the model is simple enough that we
can understand how both sequence data and expression
data contribute to the cluster assignments, and how to
interpolate between the two data sources. Finally, we use an
information-theoretic technique, based on the Jenson-
Shannon (JS) entropy of the motif parameters in the learned
model, to associate to each module a set of significant
motifs. In this way, we can hope to learn combinations of
motifs that are strongly associated to clusters of genes with
coherent expression patterns, without limiting ourselves to
finding pairs of correlated motifs or needing to investigate
all combinations of motif patterns as in Pilpel et al. [19]. We
note that our EM algorithm uses explicit closed-form
update rules as described in the text, and that a MATLAB
implementation of the code is available from our supple-
mentary Website, so that our results can be easily
reproduced and the algorithm applied to other data sets.
By contrast, Segal et al. [22] use the more complex
formalism of probabilistic relational models: While the
training procedure is motivated by expectation maximiza-
tion, there is no closed form solution for the update rules,
and special approximation techniques and careful initiali-
zation procedures to seed the optimization problem are

required at each iteration of the algorithm. There is
currently no publicly available implementation of the code,
making it difficult to reproduce the results or apply the
algorithm to other problems. Similar to Beer and Tavazoie
[6], we can learn a mapping from motifs to clusters. Note,
however, that Beer and Tavazoie cluster based on expres-
sion alone, use these clusters as input to a motif discovery
algorithm to find motifs for each cluster, and then search
through Bayes networks that use the chosen motifs to
predict cluster membership. In the Beer approach, sequence
information is not used to determine the initial clusters, so
differently regulated genes with similar expression profiles
can be incorrectly grouped together, and only motifs that
are overrepresented in promoter sequences for the expres-
sion-only clusters will be found; however, the Bayes net
model allows a richer modeling of interactions between
regulatory elements, including positional preference or
orientation. We avoid the structure learning problem for
Bayesian networks and obtain clusters of genes through
joint learning from expression and sequence data rather
than first fixing clusters based on expression profiles alone.
Richer modeling of interactions of the significant motifs is
not incorporated in our algorithm, but can be implemented
as a postprocessing step.

This model was motivated by recent machine learning
work related to joint models for text and image data in Web
pages [4], where there is a similar problem of combining
discrete word count data with more complex continuous
data. Our particular interest was to learn modules from
time series expression data, since usually these data sets
consist of a small number of experiments and are not
amenable to other methods. Our approach is useful for
small data sets for two reasons: First, we are using
additional information in the form of a candidate set of
motifs, so that even in a small expression data set where
many genes have similar expression profiles, the motif
information may provide enough evidence to resolve genes
to meaningful clusters; second, the expression model
exploits our prior belief that the “genetic trajectories”
should be relatively smooth in time by using statistical
splines [3], [14]. Therefore, all observations (time points) of
a gene and all genes in a cluster contribute to estimates of
the cluster-specific spline parameters. We note, however,
that one could use a different gene expression probabilistic
model to deal with other kinds of expression data (see, for
example, Friedman [10]), and then apply the approach we
outline here: Perform joint clustering on expression and
motif data via EM to learn module assignments, and then
use the JS entropy to characterize the most significant motifs
associated to each module.

We present experimental results on the yeast cell cycle to
validate our method. We find that our combined expression
and motif clustering algorithm discovers coherent modules
associated to known cell cycle transcription factors.

2 JOINT CLUSTERING MODEL FOR MOTIF AND

EXPRESSION DATA

In order to learn “transcriptional modules”—that is, clusters
of genes where similarity in expression is explained by a
common regulatory mechanism at the transcriptional
level—we perform a probabilistic assignment of genes to
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modules based on two types of data for each gene i: The
vector of expression values over the time course, Yi; and
the sparse vector of motif counts corresponding to
occurrences of regulatory elements in the promoter region
of the gene, Ri. The variable Zi represents the “module” or
cluster assignment of gene i. We assume a graphical model
of the following form:

R! Z ! Y:

Here, the gene expression (over a time series of
microarray experiments) is conditioned on module assign-
ment, and module assigment is conditioned on the
presence of regulatory elements in the promoter se-
quence. The joint probability for this graphical model is
P ðY;R; ZÞ ¼ P ðYjZÞP ðZjRÞP ðRÞ. Biologically, the model
proposes that the presence of regulatory elements in the
promoter sequence of a gene determines its module
assigment and that, in a fixed time course, the module
assignment explains the gene’s expression profile.

However, by Bayes rule, we can rewrite the joint
probability distribution to obtain the model

R Z ! Y;

where Yi and Ri are conditionally independent given
module assignment Zi:

P ðYi;Ri; ZiÞ ¼ P ðYijZiÞP ðRijZiÞP ðZiÞ:

We use this form of the probability distribution in our
algorithm. The task is then to learn the parameters of the
conditional probability models and the module assignments
that maximize the likelihood for the input data, and our
approach reduces to an expectation maximization-based
joint clustering of the sequence and expression data.

For the sequencemodel, we start with a fixed set of known
or putative motifs representing regulatory elements: M ¼
fm1;m2; . . . ;mPg. Similar to the bag-of-words model used in
text classification, we represent the promoter sequence for
gene i as the sparse vector Ri of counts of motifs that it
contains, where Ri is indexed by motifs in M: Ri ¼ ðni1;
ni2; . . . ; niP Þ. We let ni ¼

P
p¼1...P nip be the total count of

motifs from M occurring in the promoter region for gene i.
For each module j, we have a set a regulatory element
frequencies �j ¼ ð�j1; �j2; . . . ; �jP Þ, where

P
p¼1...P �jp ¼ 1.

Our conditional probability model for the motif count data
is amultinomial (ornaiveBayes)model [18],where the events
are seen as the counts nip and we sum over all sequences of
motifs that can lead to the same set of counts:

P ðRijZi ¼ j;�jÞ ¼
ni!

ni1! . . .niP !
�p¼1...P�

nip

jp : ð1Þ

Here, the assumption is that motifs within the promoter
sequence are generated independently of each other,
according to the module-dependent motif emission fre-
quencies �j.

A few comments about the choice of naive Bayes model
are in order. Ideally, the set of motifs provided to the
algorithm—typically specified by position-specific scoring
matrices or consensus patterns—would be filtered for
redundancy, so that, in particular, one would not find
occurrences of different motifs at the same or overlapping

positions in a promoter sequence. In practice, it is difficult
to eliminate redundancy entirely, and indeed subtly
different motifs can encode different binding strengths or
even correspond to different transcription factors. More-
over, binding sites for different transcription factors can in
fact occur in overlapping positions in the promoter (for
example in the case of competitive binding). It is therefore
quite possible that the assumption of the naive Bayes
model—that different “words” (motifs) are conditionally
independent given the cluster assignment—could be
violated for a particular set of motifs. However, it is also
true that, even though the naive Bayes assumption is often
violated in text data, the model is widely and successfully
used for text processing tasks like document classification
[18]. In the experiments described below, we therefore
perform only conservative filtering on our initial set of
motifs, and we rely on the clustering algorithm and the JS
entropy-based motif scoring to determine which motifs are
most relevant for each cluster.

To model time series expression data, we follow the
approach of Bar-Joseph et al. [3] using statistical splines,
motivated by the prior belief that genes have smooth
expression trajectories and that genes whose trajectories
have similar shapes may be under similar regulatory
control. Each cluster is described by a Gaussian distribution
over spline parameters that defines the general shape of the
trajectories of its member genes. More precisely, we
describe the true expression level for gene i, belonging to
module j as a function of time as ðs1ðtÞ � � � sqðtÞÞð�j þ �ijÞ,
where s1ðtÞ; . . . ; sqðtÞ are spline basis functions, �j is the
mean vector of spline coefficients for module j, and �ij is
the gene-specific variation vector of spline coefficients. We
assume that each experimental observation is subject to
Gaussian noise, with error � � Nð0; �2Þ. Therefore, for a
vector of observations for gene i at times t1, . . . , tm, we have:

Yi ¼
s1ðt1Þ � � � sqðt1Þ

. .
.

s1ðtmÞ � � � sqðtmÞ

0B@
1CA �1

j

..

.

�q
j

0B@
1CAþ �1ij

..

.

�qij

0B@
1CA

264
375þ �1

..

.

�m

0B@
1CA:

The variable �ij, representing the variance from module
expression mean �j, is most conveniently treated as a
hidden variable. Here, �ij is normally distributed with
mean 0 and covariance matrix �j. The model for the
conditional probability of gene expression, given module
assignment, is then:

P ðYi; �ijjZi ¼ j; �j;�j; �
2Þ ¼

ð2�Þ�ðmþqÞ=2j�jj�1=2��m � e�1=2�
2ðYi�Sð�jþ�ijÞÞ

tðYi�Sð�jþ�ijÞÞ

e�
1
2�

t
ij�
�1
j �ij :

ð2Þ

We use expectation maximization (EM) to learn the
module assigments. The EM updates for the spline
expression models come from Bar-Joseph et al. [3]; we
modify the algorithm by combining with sequence informa-
tion using the model (1) above. Here, we use a pseudocount
� for the multinomial model which, as we show below, will
provide a way to control the relative importance of motif
and expression data in the joint clustering algorithm.
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Details of the EM updates and hyperparameter � are given
in the Appendix.

While the EM algorithm converges to a local maximum
of the complete log likelihood function, the likelihood
surface has many poor local maxima and is sensitive to the
initial values of the paramaters. We choose a starting point
by performing k-means clustering on the expression data
alone to set the initial cluster assignments pðjjiÞ of gene i to
cluster j. (See Section 4.1 for a discussion of model selection
to determine an appropriate number of clusters.) A similar
strategy of using a simple clustering algorithm to find a
starting point for a more complex probabilistic clustering
algorithm was used in Segal et al. [22] for learning
transcriptional modules. Clearly, choosing a reasonable
starting point still leads in general to convergence to a local
rather than global maximum, but our statistical and
biological validation (see Section 4.2), suggest we are
reaching a consistent local maximum of high quality.

3 ENTROPY-BASED DETERMINATION OF

SIGNIFICANT MOTIFS

Once we have performed EM-based clustering, we can use

the motif parameters of the learned model to determine

which motifs are markers for certain clusters and which

motifs are coassigned to particular clusters. The distribution

�jp suggests a natural quantitative measure of both, allowing

discovery of the over and underrepresented motifs within a

given cluster. A common reparameterization-invariant mea-

sure of the divergence in a set of distributions (�jp) produced

by clustering, forwhich there is a prior probability pj of being

found in cluster j, is the Jensen-Shannon entropy [23], [15],

HJS f�jpg
� �

¼H
P

j pj�jp

� �
�
P

j pjH �j
� �

, where hereHðxÞ ¼
�
P

p xp log2 xp. The expression may be rewritten

HJS ¼
X
j

X
p

pj�jp ln2ð�jp=�pÞ ð3Þ

¼
X
j

pjDKL½�jpjj�p�; ð4Þ

where �p ¼
P

j pj�jp and DKL is the Kullback-Leibler diver-
gence (or relative entropy) [7]. The summand in (4) is an
always-positive quantity which then can be used to quantify
how exceptional a given cluster is. Moreover, the summand
in (3), which is the contribution of an individual word to an
individual cluster, gives a local (in p) measure of its
importance to cluster assignment. In the experiments below,
we use the rank ordering of JS entropy contributions
pj�jp ln2ð�jp=�pÞ derived from the learnedmodule parameters
to produce a list of significant cluster-motif associations.

4 EXPERIMENTAL RESULTS: YEAST CELL CYCLE

We use time series expression data from Spellman et al. [9],
who list a set of 799 genes of Saccharomyces cerevisiae found
to be cell-cycle regulated. We eliminate genes that have
more than two missing values, as well as those that have
been eliminated from the Saccharomyces Genome Database
(SGD), leaving 776 genes. We apply our method to the

alpha-pheromone experiment, consisting of 18 time points
sampled every 7 minutes and representing two full cell
cycles. Note that this data set is not the cdc15 data set,
whose data are a concatenation of even and odd time
points.

We obtain the 500 bp 5’ promoter sequences of all S.
cerevisiae genes from SGD. For each of these sequences, we
search for transcription factor (TF) binding sites using the
PATCH software licensed by TRANSFAC [26]. The PATCH
tool uses a library of known and putative TF binding site
motifs, some of which are represented by position specific
scoring matrices and some by consensus patterns, from the
TRANSFAC Professional database. Initially, all 532 binding
site motif patterns given separate accession numbers by
TRANSFAC are used as motif queries. Using the PATCH
tool, we obtain counts of the number of copies of all query
motifs in the promoter regions of the 776 select genes to
create a motif matrix nip: The number of occurrences of
motif p upstream of gene i. In order to reduce the influence
of binding sites for generic transcription factors, which have
very large counts, we remove all motifs p whose total
number of occurrences is 0 or exceeds 1,000 in the set of
776 genes. These restrictions leave a smaller set of
306 motifs, which nonetheless suffer significant redun-
dancy. For example, some consensus patterns given
different accession numbers in TRANSFAC differ by only
one character and lead to identical count statistics. There-
fore, we group the original motifs into equivalence classes
by asserting that two consensus pattern motifs are
equivalent if they induce the same count statistics for the
set of 776 promoter regions. In principle, motifs with
identical count statistics need not be sequence similar, but it
is essentially true for our data set. We obtain 247 equiva-
lence classes of motifs, and we then represent each
equivalence class by a single column in our motif matrix.

We implement our module learning algorithm in
MATLAB. Our source code and supplementary data are
publically available at http://www.cs.columbia.edu/
compbio/module-clust.

4.1 Model Selection

Following Bar-Joseph et al. [3], we use natural cubic splines,
where the size q of the spline basis is equal to the number of
knots. We use evenly-spaced knots and choose q ¼ 9 based
on cross-validation for the expression-only version of the
clustering algorithm (results not shown). Model selection
for the number of clusters is performed using five-fold
cross-validation by computing the log loss function of each
trained model on each held out fold, which is given by the
negative of the following likelihood function:

likelihood ¼X
held out genes i

log
X

clusters j

pjP ðYijZi ¼ jÞP ðRijZi ¼ jÞ
 !

:

Note that here,

P ðYijZi ¼ jÞ ¼ P ðYijZi ¼ j; �j;�j; �
2Þ

� j�jj�1=2e�
1
2ðYi�S�jÞ��1j ðYi�S�jÞt ;
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where �j ¼ �2I þ S�jS
t. Cross-validation results are shown

in Fig. 1, using the expression data only with the statistical

spline model (Fig. 1a) and using both expression data and

promoter sequence data (Fig. 1b). While the log loss appears

to be best for about 5 clusters in the combined model, we

find a consistent local peak at 18 clusters; when we reran

experiments with differently pruned versions of the motif

matrix, we also consistently observe a peak at 18 or

19 clusters. This kind of phenomenon can occur when there

are hierarchical clusters in the data, that is, a small number

of large clusters that subdivide into smaller clusters. To

investigate whether this is the case here, we considered all

pairs of genes that belong to the same cluster in the 18-

cluster model and found that 85 percent of these pairs also

belonged to the same cluster in the 5-cluster model.

Therefore, we see that the 18 smaller clusters are largely

consistent with the 5 larger clusters; we choose the

18 smaller clusters for motif analysis because it is more

biologically reasonable to have this number of modules

with separate transcriptional control. We note that when

using expression only or motif data only (not shown), there

is no peak at 18 clusters, though the cross-validated log loss

increases somewhat at 35 clusters in both cases. This

suggests that by combining two sources of data, we may

be discovering structure that we cannot learn on the basis of
a single data type.

In combining two data types, we wish to understand the
contribution of each data source to the overall probability
model. A natural way to control the relative importance of
motif and expression data is to scale the hyperparameter �
for the multinomial model. When � is large—equivalent to
a large pseudocount—the effect of the motif data is
reduced, and cluster assignments become closer to those
obtained using expression data alone; as � approaches 0,
the motif data have a maximal influence on cluster
assignments, but the expression data still contribute to the
log likelihood function. Fig. 2 qualitatively illustrates some
of the effects of changing the hyperparameter �. As � is
decreased, increasing emphasis on motif data, the clustering
algorithm is able to avoid learning a large cluster containing
many of the genes with low expression levels; instead, by
allowing the motif data to have more influence, many genes
from the large expression cluster are reassigned to other
clusters (Fig. 2a). Also, as � is decreased, the mean entropy
of the multinomial distributions,

1

J

XJ
j¼1

Hð�jÞ;
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Fig. 1. Model selection by cross-validation. The figures plot the (a) cross-validation log likelihood for the model using expression data only with

statistical splines and (b) for the combined expression and motif data model. A consistent (local) peak occurs at 18 clusters for the combined model.

Fig. 2. Dependence on hyperparameter. (a) As hyperparameter � is decreased, increasing dependence on motif data, the model avoids learning a

large cluster of genes with low expression levels and (b) the mean entropy of the multinomial motif models decreases. In both cases, the model is

stable in the range � 2 ð0; 0:01�.



where Hð�jÞ ¼ �
P

p �jp log2ð�jpÞ also decreases, indicating
that “motif emission” random variables described by these
distributions become less uncertain. We see that the model
is stable when the hyperparameter is chosen in the range
ð0; 0:01�, that is, both the cluster size distributions and the
mean entropy do not vary significantly in this range. Since
we do not wish to deemphasize motif information, we
choose � in the stable range (� ¼ 0:01) for a pseudocount.
The use of hyperparameters for scaling the influence of
different data sources has been proposed, for example, by
Barnard et al. [5] in the case of integrating text and image
data for learning from Web page data.

4.2 Model Validation and Interpretation

We first wish to establish that the EM algorithm converges
to a solution significantly different from its starting point.
We initialize the parameters for the EM algorithm by first
performing k-means clustering on the expression data
alone. However, many genes change from their initial
cluster assignment during the course of the algorithm: We
can quantify the rate of cluster reassignments by plotting
the number of changes in the “hardened” pðjjiÞ (resulting
from assigning each gene with probability 1 to its cluster
with maximum posterior pðjjiÞ) at each iteration, as shown
in Fig. 3a).

This function rapidly decays with less and less frequent
rearrangements, and we may conclude with confidence that
the EM procedure has converged after � 1; 500 iterations
(about 7 minutes of computation time on a 2.2 GHz Linux
server).

It is also useful to quantify the success of the clustering in
coassigning related motifs, and to discover which of the
motifs are markers for certain cluster assignments. Recall
that the summand in (4), pjDKL½�jpjj�p�, is an always-
positive quantity which can be used to quantify how
exceptional a given cluster is. Reassuringly, we find that
this quantity grows for all but three small clusters during
the EM process (Fig. 3b), and in these three clusters the
quantity stays the same or decreases negligibly. Since the
initialization point for the EM algorithm is based on
standard clustering of expression only, we can view this
plot as a quantitative comparison our approach to the
widely used method of clustering first and then looking for
motifs: When we cluster using expression only, the

distribution of motifs occurrences for different clusters less
exceptional, that is, closer to the average distribution across
all clusters.

Recall also that the summand in (3), pj�jp ln2ð�jp=�pÞ,
which is the contribution of an individual word to an
individual cluster, gives a local (in p) measure of its
importance to cluster assigment. Rank-ordering the
weighted contributions of the Kullback-Leibler density to
the JS entropy, djp � pj�jp log2ð�jp=�pÞ, gives a list of the
individual motif-cluster combinations most important to
the cluster assignments. The first four columns of Fig. 4
show the top 25 such combinations, including the TRANS-
FAC identifiers associated to each motif equivalence class p.
TRANSFAC motifs that correspond to the same motif p are
given the same numerical ranking in the first column of the
table. Note that individual contributions to the JS entropy
represent both over and underrepresented motifs (since djp,
unlike DKLð�jpÞ or HJSðf�jpgÞ, can be positive or negative),
yet avoid the possibility of �jp 6¼ 0; �p ¼ 0, regardless of the
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Fig. 3. Change of cluster assignments and Kullback-Leibler divergence for motif distributions. Plot (a) shows the number of cluster reassignments as

a function of EM iteration. Plot (b) shows the Kullback-Leibler divergence of each cluster’s motif distribution �jp relative to the average �p, at initial

times (red) and final times (green).

Fig. 4. Significant motifs for each cluster, ranked by weighted Kullback-

Leibler density djp � pj�jp log2ð�jp=�Þ, and the transcription factors that

bind to them (as listed by TRANSFAC).



value of the pseudocount �, for which djp would be
undefined. Note again that at the end of the EM algorithm,
the density djp is extremely sharpened relative to the
starting point, based on k-means clustering of expression
data alone (Fig. 5).

In order to assist with biological validation, we also
query the TRANSFAC motif records corresponding to the
top scoring patterns in our list, noting which transcription
factors (if any) are known to bind to these motifs. These
results are listed in the last column of Fig. 4. Note that in the
table, TRANSFAC motifs that we assign to the same
equivalence class are indeed binding sites for the same
transcription factor, which gives evidence that our grouping
of motifs into equivalence classes was not overly aggressive.
It is certainly true that not all motif redundancy was
eliminated by our initial grouping into equivalence classes.
Nonetheless, as we discuss in the following section, our
method is able to identify meaningful associations of
regulatory elements (and hence transcription factors,
through the TRANSFAC annotations) to clusters.

4.3 Biological Validation

We evaluate our clusters for functionally coherent genes by
looking for enrichment of Gene Ontology (GO) terms. For
simplicity of analysis, we consider the hard cluster assign-
ments obtained by assigning each gene to the cluster having
maximum posterior probability. Using SGD’s GO term
finder, we find that 14 of our 18 clusters are enriched for
annotations using a p-value threshold of 0.05. Cluster 1
consists of genes that peak in the M/G1 transition involved
in the cytokinesis and cell proliferation. Cluster 2 is highly
enriched for the subtelomerically encoded Y-helicases
which peak in the G1 phase. The dominant binding sites
are for CHA4, GLN3, DAL80, GAL4, SRF, MCM1, MATal-
pha2, ADR1, TBP, GCN4, and SKO1. Most of these genes
have poorly understood functions. Cluster 3 is enriched for
genes involved in energy reserve metabolism and several
transcriptional repressors. It has dominant binding sites for
the stress response regulators MSN2 and MSN4. Cluster 4
consists exclusively of histone genes that peak in the S phase
of the cell cycle. These genes are involved in chromatin
assembly and disassembly. The cluster was also enriched
for binding sites of RPN4. Cluster 5 is enriched for binding
sites of PHO4 which is required for the expression of the
phosphate pathway. These genes are involved in phos-
phorus metabolism and their expression profiles peak at the

G2/M transition. Genes in clusters 6 and 15 are involved in
microtubule based processes. However, they have different
expression and motif profiles. Cluster 6 peaks in the S and
S/G2 phase, whereas cluster 15 peaks at the G1 phase.
Cluster 15 is enriched for SUM1 binding sites which is
involved in chromosomal segregation. Cluster 7 is made up
of genes involved in mating, pheromone response and cell
communication. Clusters 8 and 11 are made up of genes
that peak in the G1 phase and are involved in the DNA
replication process and initiation of the S-phase. These
clusters are enriched for DSC1 (DNA synthesis control
1) binding sites which is a complex of CCBF/SBF(SWI4+S-
WI6) and CDC10 [16] and is mainly involved in regulation
of DNA-synthesis genes [16], [17]. Cluster 10 was enriched
for genes involved in methionine biosynthesis and sulphur
metabolism. The dominant binding sites are those of MET32
and MET31. MET31 and MET32 are transcriptional reg-
ulators of sulfur amino acid metabolism [24]. Cluster 13 is
made up of genes that peak in the G2/M transition and are
mainly involved in steroid metabolism and ion transport.
Cluster 14 has genes that peak at the G2/M transition and
are involved in iron transport. The MAC1 binding site is
significant for this cluster. It is involved in regulating
copper and iron transport. Thus, we see a strong correlation
between the functional enrichment of clusters using the GO
and MIPS annotations and the dominant binding factors as
assessed using the JS entropy. We also observe that the
method is able to separate clusters with very similar
expression profiles, but different motif profiles such as
clusters 8 and 11. Cluster membership lists and transcrip-
tion factors associated to the significant motifs for each
cluster are given on the supplementary Web site (http://
www.cs.columbia.edu/compbio/module-clust).

5 CONCLUSION

We have described a model for combining time series
expression data and promoter sequence data for learning
transcription modules in organisms—such as yeast—where
there are already a large number of known motifs
corresponding to regulatory elements. In experimental
results on a yeast cell cycle data set, our learning algorithm
finds a number of modules and associated binding site
motifs for known cell cycle transcription factors with a
functionally coherent and biologically plausible set of
regulated genes.
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Fig. 5. The weighted Kullback-Leibler density djp � pj�jp log2ð�jp=�Þ, which can be positive (negative) for motifs over (under) represented in their
cluster relative to other clusters. The positive values of the density are plotted here at (a) the initial time and (b) the final time. Note the extreme
sharpening relative to the initialization before the EM procedure, showing that the learned modules display overrepresented motifs.



Wenote thatwecannot expect that combiningdata sources
will always make clusters better defined by standard
measures of coherence. For example, we should expect that
expression coherence can in fact be lower when we
incorporate motif data into the clustering, because genes
with similar motifs could show different global expression
profiles due to differences in combinatorial interactions of
regulators at different stages of the cell cycle. Conversely, in
some cases, genes having similar expressionprofiles neednot
have similar motif profiles, since different sets of transcrip-
tion factors that are involved in regulating a particular
biological processes canact in similarways toproduce similar
expression patterns in the genes that they regulate.

Probabilistic generative models are a natural framework
for integrating multiple data sources, once one has an
appropriate representation of the individual data types and
their probabilistic dependence on each other. Many exten-
sions of our model are possible. For example, if one had
prior biological knowledge about the importance or
strength of particular motifs, one could encode this in the
form of motif-specific parameter priors. One could also try
to represent the binding activity of those known transcrip-
tion factors whose binding motifs are also known, either as
variables observed through gene expression profiles or as
hidden variables.

The assumption of independence of motifs, used in the
probabilistic model of promoter sequences, is clearly an
oversimplification. In particular, we do not directly model
cooperative or competiting binding of transcription factors
to spatially proximal site. However, in the original context
of text applications, the assumption of word independence
is similarly inaccurate, and yet the bag-of-words model
works well and is widely adopted. Co-occurrence of motifs
representing factors and cofactors can be investigated as a
postprocessing step, by considering spatial proximity of the
significant motifs for each cluster, or could be developed in
the probabilistic model in future work. In particular, to scale
up to more complex organisms, it would be appropriate to
model the presence of cis regulatory modules—functional
units consisting of spatially clustered groups of regulatory
elements—rather than the presence of individual motifs.
For example, to search for cis regulatory modules in D.
melanogaster (fruit fly) associated with patterning in the
early embryo, Rajewsky et al. [20] use a probabilistic
segmentation of the regulatory sequence into binding sites
and background using a fixed set of weight matrix motif
models, where the probability of emitting each particular
motif (or background sequence) is fit by expectation
maximization. In a similar way, one could use such a
probabilistic model as the sequence component of a joint
clustering model with expression data, estimating cluster-
specific motif emission probabilities using EM. Extending
the approach to more complex organisms does, however,
require some knowledge of true or putative binding site
motifs, either experimentally verified or computationally
determined. We believe that the relatively simple model
presented here gives a promising starting point these
extensions to richer modeling of combinatorial control and
to regulation in more complex organisms.

APPENDIX

Here, we briefly outline details of the EM algorithm. For each
gene i, both the module assignment Zi and the gene-specific

variation �ij from module expression mean �j are treated as
hidden variables. We have the conditional probability model

P ðRi;Yi; �ijjZi ¼ jÞ ¼
P ðRijZi ¼ j;�jÞP ðYi; �ijjZi ¼ j; �j;�j; �

2Þ;

where P ðRijZi ¼ jÞ is given by (1) and P ðYi; �ijjZi ¼ jÞ is
defined by (2).

In the E-step, we calculate

pðjjiÞ ¼
pjP ðRi;Yi; �ijjZi ¼ j;�j; �j;�j; �

2ÞP
k pkP ðRi;Yi; �ikjZi ¼ k; �k;�k; �2Þ ;

where pk are prior probabilities on the module assignments.
Also in the E-step, we calculate expectations

c�ij�ij ¼ ð�2��1 þ StSÞ�1StðYi � S�jÞ;d�tij�ij�tij�ij ¼ c�ij�ij
tc�ij�ij þ ð��1j þ StS=�2Þ�1:

In the M-step, we update parameters with

�2 ¼P
i

P
j pðjjiÞðYi � Sð�j þc�ij�ijÞÞ

tðYi � Sð�j þc�ij�ijÞÞ
mN

;

�j ¼
P

i pðjjiÞd�tij�ij�tij�ijP
i pðjjiÞ

; pj ¼
1

N

X
i

pðjjiÞ

�j ¼
X
i

pðjjiÞStS

 !�1 X
i

pðjjiÞStðYi � Sc�ij�ij

 !
;

�jp ¼
P

i pðjjiÞnip þ �P
p

P
i pðjjiÞnip þ �P

:

Here, the � functions as a pseudocount or, more generally,
as a hyperparameter for the Dirichlet prior for the multi-
nomial parameters �jp. (We use the same pseudocount for
all motif frequency parameters in all modules.)
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