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Abstract: In modern biology, we had an explosion of genomic data from 
multiple sources, like measurements of RNA levels, gene sequences, 
annotations or interaction data. These heterogeneous data provide important 
information that should be integrated through suitable learning methods aimed 
at elucidating regulatory networks. We propose an iterative relational clustering 
procedure for finding modules of co-regulated genes. This approach integrates 
information concerning known Transcription Factors (TFs)–gene interactions 
with gene expression data to find clusters of genes that share a common 
regulatory program. The results obtained on two well-known gene expression 
data sets from Saccharomyces cerevisiae are shown. 
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clustering; regulatory networks; data mining; bioinformatics. 
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1 Introduction 

To completely understand the behaviour of an organism, an organ, or still a single cell, 
we need to learn the underlying regulatory mechanisms governing the expression of 
genes in the cell itself. A key junction in these mechanisms is the mRNA transcription 
regulated by proteins, known as Transcription Factors (TFs). A TF binds to specific DNA 
sequences in the promoter region of a target gene and activates the transcription process 
from DNA to RNA. A consequence of this particular mechanism is the expression of the 
target gene in a cell. Genes regulated by a common set of TFs are usually called  
co-regulated genes and their expression levels will follow the same pattern. 

Understanding the regulatory mechanisms of gene transcription is an important goal 
of molecular biology and high-throughput genomics. To reach this goal, we can exploit 
different data types (sequence, DNA-binding, expression and protein–protein interaction 
data). Each of this data type provides only a partial and noisy picture of the underlying 
actions. Therefore, there is a need to integrate them in a unified framework to unravel  
the transcription mechanism at a more global level and obtain an improved and reliable 
picture of the whole regulation process. 

Since co-regulated genes have very high chances of having similar function, they 
often show similar expression patterns over different conditions. For this reason, several 
approaches have been proposed to identify gene Transcription Modules (TMs), i.e., 
groups of genes that obey to a common transcriptional program, by clustering microarray 
data, which measure the gene expression level for a given set M of different experimental 
conditions (Tavazoie et al., 1999; Eisen et al., 1998; Tamayo et al., 1999). The genes of  
a cluster have similar expression patterns and hence are called co-expressed genes. 

However, while co-regulated genes are often co-expressed, the reverse is not 
generally true, and a finer analysis on gene expression data is required to partition sets  
of co-expressed genes into TMs. 

Several methods, e.g., Segal et al. (2004), Bar-Joseph et al. (2003) and Tanay et al. 
(2004), have been proposed to integrate different kinds of information to find groups of 
genes with similar functions. The most commonly used computational methodology for 
discovery of co-regulated genes applies clustering algorithms to expression data and then 
searches for the TFs that most probably bind to each set of co-expressed genes (Eisen  
et al., 1998; Liu et al., 2001; Sinha and Tompa, 2000). Biclustering algorithms have also 
been applied (Bergmann et al., 2003; Ihmels et al., 2004), aimed at obtaining bi-clusters 
of co-regulated genes, i.e., clusters consisting of a set of genes together with a set of 
experimental conditions that induce their co-regulated expression, thus facilitating  
the identification of sets of genes involved in the same functional role. However,  
the identification of TFs involved in the regulation is left, also in this case, to a further 
analysis. 
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Middendorf et al. (2005) introduced a motif discovery algorithm called Motif 
Element Discrimination Using Sequence Agglomeration (MEDUSA) that builds motifs 
models whose presence in the promoter region of a gene is predictive of differential 
expression and uses putative binding sites to build a decision tree that tries to explain  
the gene expression profiles in terms of motifs. 

Another approach is that proposed by Barash et al. (2001) that, starting from the 
analysis of sequence data, works in the opposite direction: they first reduce the sequence 
data into some predefined features of the gene, as for example the presence or absence of 
various potential TF binding sites, then identify groups of genes having common patterns. 

More recently, more sophisticated algorithms have been presented to attempt to 
combine both upstream sequence information and expression data in a single framework 
to build prediction models able to identify regulation patterns: Segal et al. (2003) 
constructed a probabilistic model that uses expression data to link regulators to regulated 
genes. Their method relies on the assumption that the expression levels of regulated 
genes depend on those of regulators, which is a limitation in cases in which the 
expression level of the regulator does not change appropriately (e.g., cases of  
post-transcriptional modification). Moreover, they might produce gene clusters that  
are not biologically interpretable because both the cluster and the motifs are free 
parameters that have to be optimised. 

Ernst et al. (2008) propose SEREND, a semi-supervised regulatory network discovery 
method applied to the bacterium Escherichia coli. They use an iterative classification 
scheme that exploits a compendium of gene expression data in a semi-supervised way to 
predict novel regulator–target interactions: they train a model using expression and 
regulatory motif data and then infer novel interactions using their model on expression 
and motif data. These methods aim at finding new motifs that are probably involved in 
the regulation of the uncovered clusters of genes or new predictions of TFs–genes 
interactions. 

In the recent years, large databases about known TFs and their functionalities have 
been made available for an increasing number of organisms. Taking into account this 
information, we can associate to each gene a TF profile, whose elements represent  
the strength of the relation between genes and TFs. Clements et al. (2007), for example, 
exploit this information to cluster genes using a weighted distance measure to combine 
features associated to gene expression levels with features associated with information 
about interaction between the gene and a set of known TF. 

The results obtained by these investigations and the weakness of traditional  
distance-based algorithms lead us to the idea of introducing specific domain constraints, 
derived from a background knowledge, in the main clustering process as proposed by 
Wagsta et al. (2001), Bilenko et al. (2004), Basu et al. (2004) and Corsini et al. (2005). 

In this paper, we propose an iterative semi-supervised clustering procedure that,  
by using sequences, DNA-binding and microarray data determines a set of clusters 
including genes that are not only co-expressed but also show similar co-regulation pattern 
with respect to the same subset of TFs. In our setting, constraints represent co-regulation 
relationships, derived by analysing sequence and DNA-binding data, to be taken into 
account while clustering microarray data. At each iteration, the algorithm identifies the 
set of possible significant co-regulation interactions by refining the set of significant 
binding TFs through sequence data analysis and takes them into account in the main 
clustering process. 
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As a result, we obtain clusters of co-expressed genes that are co-regulated by the 
same set of TFs. The advantage of considering only a subset of TF at each iteration is that 
the noise introduced by a large set of not relevant TF is reduced. 

We tested our method on two distinct Saccharomyces cerevisiae expression data sets  
(Gasch et al., 2000; Spellman et al., 1998). The results obtained show an improved 
prediction of the expression level given the gene TF profile with respect to the previous 
proposed models. 

The outline of this paper is as follows. In Section 2, we explain the methodology used 
to identify a TM by integrating TF binding site information and gene expression data. 
Section 3 presents a comprehensive assessment of the results and, finally, in Section 4 
conclusions of our work are derived. 

2 Learning Transcriptional Modules 

As said in the introduction, our aim is to identify TMs of genes. A TM of genes can be 
defined as follows: 

Definition 2.1: A transcriptional module is a subset Ck of a set G of genes that are  
co-regulated by a common set Tk of TFs and involved in the same or related pathways. 

The unveiling of these co-regulation relationships among genes may contribute to predict 
gene functions. Co-regulated genes are typically involved in the same or related functions 
and are usually co-expressed. For this reason, clustering microarray data is  
the starting point of several approaches that have been proposed to identify gene  
TMs (Tavazoie et al., 1999; Eisen et al., 1998; Tamayo et al., 1999). Nevertheless,  
co-expressed genes are not necessarily co-regulated and may not have similar function; 
we show that better results could be obtained by integrating expression data with 
information related to gene binding sites and TFs. Indeed, when a set of TFs regulates  
a pair of genes, these genes are often co-expressed, i.e., they show similar expression 
patterns across different experimental conditions, while the opposite is not generally true. 

In the following, we first introduce the clustering process that can be applied to 
microarray data to identify sets of genes with similar expression patterns. Then,  
we extend this clustering process to include information regarding gene co-regulation. 

2.1 Clustering of microarray data 

The expression levels of N genes in a set of M microarray experiments can be represented 
by a real-valued gene expression matrix 

exp exp{ | 0 , 0 }ilG g i N l M= ≤ ≤ ≤ ≤  

where each item exp
ilg  is the measured expression level of gene i under experimental 

condition l. 
Hence, the ith row of expG  represents the expression profile of gene i under the 

different experimental conditions whereas the lth column represents the expression levels 
of different genes under the same experimental condition l. 
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Clustering algorithms aim at partitioning N genes into a specified number K of 
clusters 1( , , )KC C…  by relying on a dissimilarity/similarity measure dij between gene 
expression profiles exp

ig  and exp ,jg  computed from the data before clustering. 
The dissimilarity measure dij between two vectors ix  and jx  (usually) must satisfy 

the following properties: 

( , ) 0, ( , ) 0, ( , ) ( , ).i j i i i j j id x x d x x d x x d x x≥ = =  (1) 

Notice that in general a similarity/dissimilarity measure does not need to satisfy 
symmetry and triangular inequality; on the other hand, if one aims at clustering in  
a parameter space, a distance could be the best choice because it does not introduce  
any degree of arbitrariness, therefore the mostly used dissimilarity measures are  
distance-based measures, as for example the well-known Euclidean distance. 

Another simple dissimilarity measure between gene expression profiles is based on 
Pearson correlation, a statistical measure of the linear dependence between random 
variables. Pearson correlation ijp  between two vectors , L

i jx x R∈  is computed as: 

1

1 L
jl jil i

ij
l i j

x xx x
p

L σ σ=

 − −
=      

∑  (2) 

where 1i ill
x L x= ∑  is the mean of the values of the vector components, and iσ  is the 

corresponding standard deviation. 
Using the Pearson correlation coefficient pij, the dissimilarity dij can be formulated as: 

( , ) (1 ).i j ijd x x p= −  (3) 

This measure is frequently employed to group co-expressed genes, because it is 
insensitive to differences in offset and scaling of the profiles. Moreover, when data is 
scaled to 0 mean, the correlation coefficient pij can also be viewed as the cosine of the 
angle between the two vectors. 

Once the dissimilarity measure has been defined, the goal of the clustering algorithm 
is to maximise the separation between different clusters Ci and Cj, with i ≠ j, and the 
homogeneity of a single cluster Cj. 

Several criteria can be chosen to express homogeneity or separation (Hansen and 
Jaumard, 1997). A widely used criterion is based on the sum of square distances between 
genes of cluster Ck and its representative centroid ck is defined as: 

exp

with 1, ..., .ik

k

iki C
k

iki C

w g
c k K

w
∈

∈

= =
∑
∑

 (4) 

In this case, the clustering problem can be reduced to the following optimisation problem, 
which minimises the sum of distances between the genes in a cluster and its centroid: 

2exp

1

1minimise 
i

k

K

K ik k
k i C

w c g
K

ψ
= ∈

= −∑∑  (5) 

1
subject to 1, 1, ...,

K

iak
k

w i N
=

= =∑  (6) 
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where the decision variable wik represents the association weight of gene i with cluster Ck 
given by: 

1 if gene 
.

0 otherwise
k

ik

i C
w

∈
= 


 (7) 

When using the Pearson-correlation-based dissimilarity defined in equation (3),  
the objective function (5) can be reformulated as (for more details refer to Chang et al., 
2002): 

exp

1

1 ( , ).
i

k

K

K ik k
k i C

w d c g
K

ψ
= ∈

= ∑∑  (8) 

Different algorithms have been proposed to solve this clustering problem; a survey of 
most of the existing algorithms is provided in Jain et al. (1999). Among them, we find 
heuristics like K-Means algorithms and their variations, mathematical programming 
techniques including dynamic programming, branch and bound, cutting plane, interior 
point methods, the variable neighbourhood search algorithm and metaheuristics  
like simulated annealing (Sun et al., 1994), tabu search (Al-Sultan, 1995) and genetic 
algorithms. 

We have used the well-known K-Means algorithm that iteratively performs the 
following steps: 

 

2.2 Extracting transcription factor profiles 

As mentioned before, correlations between expression profiles do not necessarily imply 
co-regulation. Our proposal for a further analysis consists in associating to each gene i in 
a cluster of co-expressed genes a ‘regulation’ profile defined as a vector TF

ig  whose 
elements TF

itg  represent the binding likelihood between gene i and TF t. We extract this 
information by analysing the binding sites of the co-expressed genes, typically located in 
the promoter regions, by using PSCAN (Zambelli et al., 2009). 

Given a set of possibly co-expressed genes, PSCAN scans their genomic sequences  
to find novel candidate sites for the TFs by using dedicated databases like TRANSFAC 
(Matys et al., 2006) or JASPAR (Bryne et al., 2008) that contain data on known TFs and 
their experimentally proven binding sites. 

To find the set of relevant TFs for each cluster of co-expressed genes, we select those 
TFs having a high potential binding factor with the promoter regions of genes belonging 
to that cluster. 
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This is done by computing, given the input consisting of a set of sequences  
(e.g., promoters) from a set of genes, a ‘likelihood’ score (and its relative p-value), which 
expresses the likelihood for a given TF to bind the promoter region of a gene belonging 
to this set, see Zambelli et al. (2009) for more details. 

For each set of co-expressed genes, we can, therefore, extract the set T of ‘candidate’ 
TFs, i.e., TFs whose binding values are significant, by selecting only those TFs whose 
associated p-value is below a certain threshold.  

For each gene i and TF t, we then extract their binding likelihood value TF
itg  and 

define the TF profile for each gene i as: 

Definition 2.2: Given a set T of TFs, the TF profile of a gene i is the vector TF
ig  whose 

elements TF ,ijg  j = 1..|T|, represent the likelihood for the TF t T∈  to bind to the promoter 
region of i. 

This results in an N × |T| matrix GTF representing the regulation pattern of each gene i 
with respect to the candidate TFs. 

A gene i can, therefore, be denoted by a vector ,M T
ig R +∈  representing both its 

expression values in M experimental conditions Exp M
ig R∈  and its TF profile TF | | .T

ig R∈  
In our approach, the set T of TFs needed to define the gene TF profile is determined 

as follows: for each cluster Ck of co-expressed genes, we determine a set Tk by selecting 
those TFs whose binding value with respect to Ck has a p-value less than 10−4  
(this is deemed as a significant level, see Lee et al., 2002). Then, we set .k kT T= ∪  

Note that the set Tk depends on the partition Ck, k = 1…K, in which the set of genes 
has been clustered. We will show that our iterative clustering approach converges to a 
stable set T. 

2.3 A unified clustering framework for gene expression and co-regulation data 

The binding of a TF to the promoter sequence of a gene does not necessarily imply that 
the TF actually regulates that gene. 

Our aim is to integrate a clustering framework of microarray data (represented by 
Gexp) with TF data obtained by analysing the gene-binding site (represented by GTF)  
to obtain clusters of genes that are both co-regulated and co-expressed. 

The simplest way to integrate this data in a clustering procedure is represented  
by the approach proposed by Clements et al. (2007), also used by Graepel et al. (1998) 
and called Soft Topographic Vector Quantisation (STVQ). They simply cluster genes 
using as dissimilarity measure between two genes gi and gj a linear combination of  
the two distances exp

ijd  and TF :ijd  
Exp TF( , )  (1 ) i j ij ijd g g d dα α α= + −  (9) 

where exp
ijd  and TF

ijd  represent the dissimilarity measure (2) with respect to the gene 
expression data Exp exp{ , 1, ..., }iG g i N= =  and with respect to the regulation profiles 

TF TF{ , 1, ..., },iG g i N= =  respectively. 
A weighting parameter α (0 ≤ α ≤ 1) sets the balance between these two dissimilarity 

measures. The best value of the parameter α, used in equation (9), can be found 
experimentally by solving the following clustering problem for different α values. 
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,
1

1Minimise ( , )
k

K

K ik k i
k i C

w d x g
Kα αψ

= ∈

= ∑∑  (10) 

1

subject to 1, 1, ..., .
K

ik
k

w i N
=

= =∑  

The matrix TFG  used by Clements et al. (2007) was highly sparse since they included  
in T all known TFs and not only the significant ones. This may introduce some noise in 
the clustering procedure affecting the quality of the clusters obtained. 

In the sequel, we will describe the proposed iterative approach that at each iteration 
considers only the subset of significant TF computed as described in Section 2.2. 
Moreover, to take simultaneously into account both co-expression and co-regulation 
information, we modified the distance measure between pairs of instances for 
constraining their cluster placement. This makes the clustering objective function 
independent from the weighting parameter α. 

2.4 The proposed iterative clustering approach 

The main steps of our iterative procedure are described in the following. 

2.4.1 Initialisation 

After the microarray data have been pre-processed and normalised by applying the 
classical techniques (Draghici, 2005), the first step s = 0 of our algorithm consists in 
clustering genes with respect to their expression levels by using the distance measure 
(equation (3)) defined on Exp .G  This allows us to obtain clusters exp ,ksC  with s = 0 and 
k = 1…K, of co-expressed genes, by solving the clustering problem (10) with α = 1. 

Then, taking clusters exp
0kC  as input, we extract the sets ,s

kT  with s = 0 and k = 1…K, 
of ‘candidate’ TFs for each cluster exp

0 ,kC  k = 1…K, by using the procedure described  
in Section 2.2. 

The matrix TF
0G  is then defined on the set 0 0 ,k kT T= ∪  and we cluster the genes with 

respect to their co-regulation profiles by solving the clustering problem (10) with α = 0. 
The resulting clusters TF

0 ,kC  k = 1, …, K, represent cluster of co-regulated genes. 
Since our aim is to find cluster of genes both co-expressed and co-regulated,  

we perform an iterative cluster refinement by learning relations between genes from 
clusters TF

0kC  as follows. 

2.4.2 Iteration step: learning relations 

In Figure 1, it is possible to see the core of our approach, consisting in refining the initial 
clustering models found by the initialisation step. 

At each iteration step s, we take as input the clusters exp
, 1,k sC −  k = 1…K, obtained at 

iteration s − 1, and we extract the new sets ,s
kT  k = 1…K, of ‘candidate’ TFs for each 

cluster exp
, 1.k sC −  The matrix TF

sG  at step s is, therefore, defined on the set .s s
k kT T= ∪  

The relational clustering iteration is then focused on learning from clusters TF ,ksC  
0, ..., 1,s S= −  relations between genes. 
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Figure 1 Iterative process of learning distance measure and modify objective function 

 

Genes belonging to the same cluster TF
ksC  will be considered as regulated by the same TFs 

and genes belonging to different clusters will be considered as having different 
transcriptional profiles. 

Next, we will define a relationship between two genes either as an Affinity or a 
Diversity link (evident in Figure 1). These relationships are associated with different 
degrees of intensity and the strength of genes relationships depends on the distance 
between genes in the TF

sG  space. This distance will affect the weight, which will be used 
to penalise the similarity/dissimilarity measure in the objective function of the cluster 
problem. 

We define Affinity and Diversity links as follows: 

Definition 2.3: An Affinity Link between genes i and j is defined using the distance 
between TF

ig  and TF ,jg  as: 

TF TF
,if i, 

.
0 otherwise

A ij k s
ij

d j C
r

 ∈
= 


 (11) 

Thus, an ‘Affinity Link’ between two genes i and j invites us to put the genes i and j in the 
same cluster during the subsequent phase. Indeed, this link means that the genes that we 
take into account have similar co-regulation profiles with respect to .s

kT  

Definition 2.4: A diversity link between genes i and j is defined using the distance 
between TF

ig  and TF
jg  as: 

TF TF TF
, ,if  and

.
0 otherwise

D ij k s k s
ij

d i C j C
r

 ∈ ∉
= 


 (12) 

Thus, a Diversity Link between two genes i and j suggests us not to put them in the same 
cluster during the subsequent phase. Since we want to find genes co-regulated by the  
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same TF, a diversity link says that genes i and j do not bind with the same set of TFs  
in .s

kT  
We then define two matrices { , 1, ..., }A A

s ijR r i j N= =  and { , 1, ..., },D D
s ijR r i j N= =  

which represents the weights of an Affinity and Diversity Links. 
Using the information matrices A

sR  and ,D
sR  we penalise the objective function of 

the clustering problem as follows: 

( ) ( )
exp exp exp

exp expexp exp exp

1 , ,

1 ,( , ) .,
i

k k k

K
R D A

jK ik k i ij ijj i
k i C j C j i j C j i

g gw d c g r d r dg g
K

ψ
= ∈ ∈ ≠ ∉ ≠

 
= + + 

  
∑ ∑ ∑ ∑  (13) 

In equation (13), the distance measure exp( , )k id c g  is penalised by a function that takes 
into account the TF profiles, i.e., if an Affinity Link (or a Diversity Link) is not preserved, 
and the objective function will be penalised according to the weight A

ijr  (or D
ijr ) learned 

from TF profiles clustering. 
At each iteration, new clusters exp

ksC  are obtained by solving equation (13) and these 
are used as input to re-compute a new set sT  of ‘candidate’ TFs. From this new set,  
we learn the penalisation coefficients (11) and (12) to be used for performing the new 
iteration of the clustering problem. 

Note that at each iteration, our algorithm finds both the groups of genes that obey to a 
common transcriptional program and the set of TFs that are relevant in the regulation of 
these clusters. 

The above-mentioned steps are repeated till stability is reached, i.e., when 1.s s
k kT T −=  

The main steps of the proposed algorithm are synthesised in Figure 2. 

Figure 2 Method overview: workflow of relational clustering schema 
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3 Computational experiments and results 

3.1 Data sets 

We validated the iterative relational cluster algorithm presented in Section 2.4 by using 
two Saccharomyces cerevisiae data sets: the first one is described in Gasch et al. (2000) 
and consists of N = 6152 genes and M = 173 microarray experimental conditions, 
measuring the responses to various stress conditions; the second, described in Spellman 
et al. (1998), consists of N = 6178 genes and M = 77 microarray experimental conditions, 
measuring expression during cell cycle. Saccharomyces cerevisiae is the microorganism 
behind the most common type of fermentation and it is frequently used as a model 
organism to develop new methods. It is very small and it has been completely sequenced, 
yet it maintains the complex regulation mechanisms of other eukaryotes like plants and 
animals. 

The promoter sequence data we used to identify the set T of ‘candidate’ TFs consists 
of the 500 base pairs upstream region of each gene (note that other parts of the gene 
sequences, upstream and downstream could also be used). These sequences were 
retrieved from Saccharomyces Genome Database (SGD), an organised collection of 
genetic and molecular biological information about Saccharomyces cerevisiae (Cherry  
et al., 1998). 

3.2 Pre-processing phase 

Before applying the clustering procedure, we followed the classical pre-processing phase 
aimed at removing as much as possible the systematic noise present in microarray data. 
In particular, we applied a two-step pre-processing strategy with missing value 
replacement and data normalisation, and a preliminary genes selection (Draghici, 2005). 
Missing values often appear in gene expression data, owing to various experimental 
limitations: technical reasons, like insufficient resolution, image corruption, or, simply, 
dust or scratches on the slide. The inability of clustering algorithms to handle such values 
necessitates their replacement. We substituted all missing values by the average of gene’s 
expression profile. 

Normalisation is needed to eliminate from microarray data variations owing to  
non-biological factors. We applied the mean and SD normalisation, whereby all 
microarray data are normalised so that every gene has been scaled to mean 0 and standard 
deviation of 1. We remind that in this case, the Pearson correlation coefficient pij between 
two vectors can also be computed as the cosine of the angle between them. 

Finally, since large numbers of genes exhibit nearly constant expression levels,  
we discarded those genes having zero-variance of expression levels across different 
experimental conditions. After this selection, for our analysis we retained 1010 genes 
from Gasch et al. (2000) data set and 774 genes from Spellman et al. (1998) data set. 

3.3 Results 

We applied the proposed iterative clustering procedure by setting the parameter K = 50 
(K indicates the desired number of clusters). The algorithm converges, i.e., it finds a 
stable set of candidate TFs, after 6 iterations for Gasch et al. (2000) data set, and after  
5 iterations for Spellman et al. (1998) data set. In the first case, it finds a stable set T of  
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9 TFs whereas in the second case the number of TFs in T is 8. The modules obtained for 
both data sets will be described in the next subsection. 

Evaluation of the results of our clustering algorithm necessitates careful consideration 
since there are no gold standards against which performance can be measured.  
We evaluate the proposed algorithm by considering: 

a gene expression and gene regulation coherence of the obtained clusters, measured by 
the intra-cluster Pearson correlation coefficient with respect to both co-expression 
and co-regulation 

b prediction ability of the gene expression profile given its regulation profile, 
measured as the number of genes whose co-regulation profile is correctly predicted 
by the model. 

As far as the performance a) is concerned, we compared the results obtained by our 
iterative clustering procedure and the STVQ approach proposed by Clements et al. 
(2007), while for performance b) we report the results obtained by Segal et al. (2003). 

3.4 Gene expression and gene regulation coherence 

Since the goal of the proposed method is to find modules of genes that are co-expressed 
and co-regulated, we analysed the modules obtained at each iteration. 

Therefore, we computed for each cluster Ck of genes its mean Pearson correlation 
coefficient exp( , ),TF

k kp p  and we considered as co-expressed those clusters with exp 0.6kp ≥  
and as co-regulated those having TF 0.6.kp ≥  

We defined four different value ranges for exp
kp  and TF

kp  and in Tables 1 and 2,  
we reported the number of clusters whose values of exp

kp  and TF
kp  fall in each range, for 

the data sets Gasch et al. (2000) and Spellman et al. (1998), respectively. 
Results reported in Tables 1 and 2 show, at each iteration s = 0, …, S, the number of 

cluster identified as co-expressed and the number of clusters both co-expressed and  
co-regulated obtained. Note that the algorithm converges to a stable solution at S = 6 for 
Gasch et al. (2000) and S = 5 for Spellman et al. (1998) data sets. 

We can see that at iteration s = 0 only a small part of clusters identified as  
co-expressed consists of co-regulated genes while the number of clusters that are both  
co-expressed and co-regulated increments with the iterations (in the last iteration, we 
have that almost all co-expressed clusters are also co-regulated). 

For (Gasch et al., 2000) data set, we can see that at iteration s = 0, when our cluster is 
built only on gene expression data, i.e., it coincides with STVQ with 1,α =  we obtain 
only 10 clusters co-regulated out of 29 co-expressed. In the last iteration (s = 6),  
we obtain 29 out of 31 both co-expressed and co-regulated clusters. Genes, which do  
not belong to these clusters, may be considered as genes that are not involved in the 
regulation process. 

We also report the results obtained by STVQ with 0.5,α =  where as expected the 
number of co-expressed clusters is decreased. 

Results obtained on the data set of Spellman et al. (1998) emphasised the ability of 
our approach to identify modules of co-expressed and co-regulated genes. Also in this 
case, from iteration s = 0 (which coincides with STVQ with 1),α =  where only  
17 clusters are co-expressed and co-regulated, we obtain at iteration s = 5, 41 clusters of 
genes both co-expressed and co-regulated. 
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Table 1 Number of co-expressed and both co-expressed and co-regulated clusters obtained  
on Gasch et al. (2000) data set by our approach (iteration s = 1…6) and by the STVQ 
approach with α = 0.5 
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Table 2 Number of co-expressed and both co-expressed and co-regulated clusters obtained on 
Spellman et al. (1998) data set by our approach (iteration s = 1…6) and by the STVQ 
approach with α = 0.5 
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We also report the results obtained by STVQ with 0.5,α =  where as expected the 
number of co-expressed clusters is decreased. 

3.5 Predicting expression from transcriptional profiles 

To assess the consistency of cluster analysis in the inference of co-regulation, we also 
evaluated our iterative relational clustering algorithm results by computing the number of 
genes whose cluster assignment is correctly predicted based on TFs profiles. Specifically, 
we trained a Naive Bayes classification model with the cluster configurations obtained by 
applying our algorithm and the STVQ, and use the resulting classification model to 
predict the cluster assignment of each gene given its regulation profile. 

Figures 3–6 show, for both data sets, the total number of genes whose expression-
based cluster assignment is correctly predicted using only the transcriptional data. 

Figure 3 Number of genes whose assignment is correctly predicted by the Naïve Bayes 
classification model obtained with our clustering approach for Gasch et al. (2000)  
data set 

 

Figure 4 Number of genes whose assignment is correctly predicted by the Naïve Bayes 
classification model obtained with the STVQ clustering approach  
for Gasch et al. (2000) data set 
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Figure 5 Number of genes whose assignment is correctly predicted by the Naïve Bayes 
classification model obtained with our clustering approach for Spellman et al. (1998) 
data set 

 

Figure 6 Number of genes whose assignment is correctly predicted by the Naïve Bayes 
classification model obtained with the STVQ clustering approach for Spellman et al. 
(1998) data set 

 

To verify our approach, we also compared our prediction results with those obtained 
using the simple clustering approach that follows the idea proposed by Clements et al. 
(2007). All these approaches, like just said before, used a parameter α (0 1)α≤ ≤  as a 
weighting parameter that sets the balance between the expression distance distances exp

ijd  
and the regulatory distance TF.ijd  Clearly, when 1,α =  the simple clustering algorithm is 
performed only on gene expression data and, therefore, when 0α =  clustering algorithm 
is performed only on transcriptional data. The number of genes correctly predicted by the 
initial iteration of our approach is, therefore, equivalent to the number of genes calculated 
by STVQ with 1,α =  i.e., clustering uses only gene expression data. 

As can be seen in Figures 3–6, the predictions get better across the learning iterations, 
and significantly outperform the simple approach for both data sets. The algorithm 
converges to 405 genes correctly predicted in the stress data set (Gasch et al., 2000), 
respectively, compared with 296 for the simple clustering approach. Also, analysing 
results obtained on Spellman et al. (1998) data set, it is possible to see that our relational 
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clustering algorithm at the last iteration predicts 587 genes and the simple clustering 
algorithm only 333 genes. 

Note that we also outperform, in terms of prediction ability, the model proposed  
by Segal et al. (2003), which report a maximum number of correctly predicted genes 
equal to 340 for Gasch et al. (2000) data set and to 296 for Spellman et al. (1998) data 
set.  

3.6 Candidate TFs 

The relational clustering approach is driven as explained in Section 2.4, by the 
convergence of sT  to a stable set. Indeed, the analysis of the set of candidate TFs 
obtained at each iteration shows (see Tables 3 and 4) that, for both data sets the number 
of TF is reduced until it converges to a stable set of TFs. 

Table 3 Transcription Factors found by our iterative relational clustering algorithm  
on Gasch et al. (2000) data set 

Transcription Factors 

s = 0 s = 1 s = 2 s = 3 s = 4 s = 5 s = 6 

GAL4 GAL4 ABF1 ABF1 ABF1 ABF1 ABF1 

MATHALPHA2 GCN4 GAL4 GAL4 GAL4 GAL4 GAL4 

MCM1 MCM1 MCM1 MCM1 MCM1 MCM1 MCM1 

MIG1 MIG1 MIG1 MIG1 MIG1 MIG1 MIG1 

PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 

PHO4 PHO4 PHO2 PHO4 PHO4 PHO4 PHO4 

RAP1 RAP1 RAP1 RAP1 RAP1 RAP1 RAP1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

REPRESSOR 
OF CAR1 

RLM1 RLM1 RLM1 SCB ROX1 SCB SCB 

ROX1 SMP1 SCB STE12    

SWI5 SWI5 SWI5     

TBP       

Table 4 Transcription Factors found by our iterative relational clustering algorithm applied on 
Spellman et al. (1998) data set 

Transcription Factors 

s = 0 s = 1 s = 2 s = 3 s = 4 s = 5 

GAL4 MATHALPHA2 MATHALPHA2 MCB MCB MCB 
MATHALPHA2 MCB MCB MCM1 MCM1 MCM1 
MCB MCM1 MCM1 PDR1/PDR3 PDR1/PDR3 PDR1/PDR3 
MCM1 PDR1/PDR3 PDR1/PDR3 REPRESSOR 

OF CAR1 
REPRESSOR 

OF CAR1 
REPRESSOR 

OF CAR1 
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Table 4 Transcription Factors found by our iterative relational clustering algorithm applied on 
Spellman et al. (1998) data set (continued) 

Transcription Factors 

s = 0 s = 1 s = 2 s = 3 s = 4 s = 5 

PDR1/PDR3 RAP1 RAP1 RLM1 ROX1 ROX1 
RAP1 REPRESSOR 

OF CAR1 
REPRESSOR 

OF CAR1 
ROX1 SCB SCB 

REPRESSOR 
OF CAR1 

RLM1 RLM1 SCB SMP1 SMP1 

RLM1 ROX1 ROX1 SMP1 STE12 STE12 
ROX1 SCB SCB STE12   
SCB SMP1 SMP1    
SMP1 STE12 STE12    
STE12 SWI5 SWI5    
SWI5 UASPHR XBP1    
UASPHR XBP1     
XBP1      

4 Conclusions 

In this paper, we presented an iterative relational clustering approach that integrates 
information concerning known TFs–gene interactions with gene expression data and 
whose goal is to identify TMs of co-regulated genes, i.e., group of genes that are not only 
expressed similarly under the measured conditions, but also share a common regulatory 
program. 

The results obtained indicate that the proposed method discovers modules of genes 
that are both highly coherent in their gene expression and regulatory profiles.  
A comparison to the common approach of constructing clusters based only on a linear 
combination of gene expression profiles and regulatory profiles shows that the prediction 
of gene expression from transcriptional profiles of our method improves across the 
different iterations and outperforms the common approach. 
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