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Abstract 

 
The inference of Gene Regulatory networks (GRN) 
from microarrray data suffers from the low accuracy 
and the excessive computation time. Biological domain 
knowledge of the cellular process, from which the data 
is generated, is believed to be effective in addressing 
such challenges. In this paper, we have used two 
biological features of gene regulation of yeast cell 
cycle: 1) a high proportion of the Cell Cycle Regulated 
genes are periodically expressed, and 2) genes are 
both co-expressed and co-regulated. Together with the 
computational implementation of these features, we 
have learnt regulators of both individual and co-
expressed genes using Dynamic Bayesian Networks. 
The proposed 2-stage GRN model has been found to be 
more computationally efficient and topologically 
accurate compared to other existing models.  
 
1. Introduction 

 
Large-scale gene screening technologies such as 

DNA microarrays simultaneously measure the genome 
wide mRNA abundance of a cell under various 
experimental conditions. It is believed that the 
regulation program in Gene Regulatory Networks 
(GRN) causes this fluctuation in mRNA abundance. 
Therefore a wide range of computational models has 
been proposed in the literature to reverse engineer 
GRN from the publicly accessible microarrray data. 
Among the available models for GRNs, Probabilistic 
Graphical Models such as Bayesian Networks (BN) 
[1], Dynamic Bayesian Networks (DBN) [2] provide a 
good compromise between the network relevancy and 
inherent noise in the data. However, the static BN 
models lack the ability to capture various dynamics 
and mechanisms that could be present in the complex 
system of genetic regulation such as feedback loops. In 
Contrast, a DBN is an extension of BN which models 
temporal data and overcomes the acyclicity problem 
associated with BN. 

 There are two major challenges with current DBNs 
that greatly reduce their effectiveness. These are 1) low 
accuracy of predicting true connections and 2) the 
curse of dimensionality; the computational cost of 
finding a network structure grows exponentially with 
the number of genes in the network. Because of the 
latter challenge, most of the DBN-based GRN models 
have been applied on small-scale networks only [3] [4].   

In order to deal with the problem of high 
dimensionality, Zou et al. [5] used a pre-determined 
threshold for estimating changes in the expression 
(up/down regulation) of individual genes.  Genes that 
usually have either simultaneous or antecedent changes 
in expression when compared to their targets were 
considered as potential Transcription Factors (TF). 
This consideration allowed them to restrict possible 
regulators of each gene.  Their method was successful 
in identifying medium-scale GRN from real microarray 
data containing 105 genes with improved performance, 
both in terms of accuracy and computation time. 
However, genes are expressed in an arbitrary pattern; 
the assignment of a pre-determined global threshold 
exhibits poor performance in capturing the dynamic 
behavior of individual genes.  

Akther et al. [6] proposed a more computationally 
efficient approach for inferring GRNs using DBN. 
Their method, embedded with a biological knowledge 
based decomposition technique, was able to reconstruct 
medium-scale gene regulatory networks with fairly 
higher accuracy from noise-corrupted real microarray 
data. They used DBN learning to find regulators of 
each target gene in the dataset individually. However, 
in the real biological networks genes are both co-
expressed and co-regulated. A number of partitioning 
algorithms have been applied on microarrray data for 
discovering similar expression patterns identifying 
groups of genes as co-expressed [7]. Since, genes with 
similar temporal and spatial expression patterns are 
believed to be governed by a common regulatory logic, 
it is equally important to find casual relationships 
between groups of genes. 

The primary contribution of this paper is to deal 
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with the current challenges of DBN-based GRN 
models using biological domain knowledge and study 
a 2-stage approach for inferring GRN from microarrray 
expression data. At the first stage of the approach, 
regulators of individual genes have been learnt using 
an existing GRN model [6].  At the second stage 
regulatory connections are sought among groups of co-
expressed genes. In order to find co-expressed genes, 
we have applied a data clustering algorithm, known as 
Partitioning Around the Mediods (PAM), which 
divides n objects (genes) into k clusters, where k is the 
optimal number of clusters in the dataset. The 
algorithm computes the k representative genes, called 
mediods which can be defined as the center point of 
the cluster and whose average dissimilarity to all the 
objects in the cluster is minimal. To learn the causal 
relationships, we used a simple DBN algorithm among 
the mediods of the clusters and within each cluster. 
With this 2-stage approach, both the accuracy of 
predicting regulatory connections and the computation 
time of GRN model have improved significantly. 

 The rest of this paper is organized as follows: 
Section 2 reviews phases of yeast cell cycle and our 
working data. In Section 3, we discuss the 2-stage 
approach and its component methodologies. The 
experimental results are discussed in Section 4. 
Finally, in Section 5 we discuss our future research 
directions. 

 
2. Yeast Cell Cycle and Microarray Data 
 
In our datasets, we have included 200 top ranked 
periodic Cell Cycle Regulated (CCR) genes of budding 
yeast as published in [8] from the publicly available 
microarrray datasets of Pramilla et al [9]. Each dataset 
contains 22 data points sampled at an interval of 5 
mins, which covers approximately two complete cell 
cycles. The cell division cycle is an ordered set of 
events whereby a cell grows and divides into two 
daughter cells so that each contains the information 
and machinery necessary to repeat the process. The 
whole cycle is divided into four distinct phases (G1, S, 
G2, and M) as shown in Figure 1. During cell division, 
the progression of the distinct phases is regulated and 
accompanied by periodic fluctuation in the expression 
level of CCR genes. 

 
Figure 1. Phases of Yeast cell cycle 

3. The 2-stage Approach  
 

We have proposed a 2-stage approach for inferring 
GRN which utilizes features of gene regulation to learn 
regulators of individual and co-expressed genes. This 
generates two regulation networks of overlapping 
connection in two stages. These networks are then 
merged together to infer a final GRN that represents 
the data best.  The details of the methodologies that 
have been used to learn the regulation of both 
individual and co-expressed genes are described in the 
subsequent sections.  

 
3.1. Find regulators of individual genes 
 

The DBN-based GRN models usually search for the 
most potential regulators by investigating every 
possible combination of the genes in the dataset. The 
most promising way of dealing with this computational 
burden of GRN inference problems is to use biological 
features of the process being modeled. One such 
feature is that a high proportion of Cell-Cycle 
Regulated (CCR) genes are periodically expressed. It 
implies that gene products which are required at a 
specific point in the cycle are transcribed into mRNA 
to produce protein and do phase specific tasks. Upon 
completing their tasks, genes are inactivated by their 
repressors. As a consequence, the transcription patterns 
shift dramatically as cells transit from one phase of the 
cell cycle to another.  

 Akther et al [6] decomposed the GRN inference 
problem into smaller subproblems using this biological 
feature. They used a Fourier-based peak time 
calculator [8] to determine the phases of the cell cycle 
when a gene is maximally expressed. Genes are then 
grouped into three overlapping clusters corresponding 
to the biological phases of cell division. Finally, they 
applied DBN algorithm on genes of each clusters 
separately to identify potential regulators of individual 
target gene.  

 
3.2. Find regulators of co-expressed genes 
 

This section provides details of the methods used to 
identify groups of co-expressed genes and their 
regulation network. 
 
3.2.1. Partitioning Around the Mediods (PAM). 
Partitioning Around the Mediods (PAM) is a 
partitioning algorithm which clusters the data around 
an optimal number of representative objects called 
Centrotypes or mediods [10]. A mediod is the object of 
the cluster for which the average dissimilarity matrix to 
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all other objects in it becomes minimal. It operates on 
the dissimilarity matrix of the given dataset or when it 
is presented with an n×p data matrix, the algorithm 
first computes a dissimilarity matrix.  

The algorithm’s main phase consists of finding the 
k optimal number of clusters in the dataset. After 
finding an initial set of mediods for each cluster, each 
object of the data is grouped with the nearest mediod. 
That is, object i is placed into cluster A when mediod 
mA is nearer than any other mediod mB, that is, d (i, 
mA) ≤ d (i ,mB) for all B = 1,….,k, where d(i, j) is the 
dissimilarity between objects i and j. The k 
representative objects should minimize the objective 
function in (1), which is the sum of the dissimilarities 
of all objects to the mediod of the cluster. 
                 Objective function =∑d (i, mi)               (1)                  

The algorithm proceeds in two steps [18]: 
1) BUILD-step: This step selects k “centrally 

located” objects, to be used as initial mediods. 
2) SWAP-step: If the objective function can be 

reduced by interchanging a selected object with an 
unselected object, then the swap operation is carried 
out. This is continued till the objective function can no 
longer be improved. 

 
3.2.2. Identification of Co-expressed Genes with 
PAM. The Partitioning Around the Mediods (PAM) 
cluster algorithm is applied on the gene expression data 
to find groups of co-expressed genes which have 
similar expression patterns. The clustering process has 
been achieved in two steps: 1) use the algorithm to 
predict the k optimal number of clusters where the data 
will be split into and 2) group the dataset into k 
clusters similar to the  k-means clustering algorithm. 

Since patterns showing by the gene expression are 
random in nature, it is challenging to define an 
appropriate similarity measure for clustering. In order 
to deal with the random behavior of gene expression 
we have transformed each gene profile using the 
function in (2). 
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Where Xi(t) is the expression level of gene i at time t 

and iX  = ∑ abs(Xi (t+1) - Xi(t)).  
3.2.3. Inference of regulation among groups of co-
expressed genes. In order to identify the activators and 
repressors of co-expressed genes, we have applied 
DBN learning among the mediods of the clusters. 
Assume that there are n genes in the dataset, grouped 
into k non-overlapping clusters. Each cluster is 
represented by a mediod gene. Therefore, for a given 
target mediod i, the number of potential regulators to 

evaluate is 2k, as any combination of mediods can be 
the candidate regulator. However, for a large k, the 
search space is enormous.  In order to deal with this 
dimensionality problem, we have restricted the fan-in 
(the number of input arcs) of each node in the network 
to p (≤k) with the assumption that there might be 
groups of genes which have no regulatory affect on i. 
As a result of this constraint, the size of the search 
space is reduced to kCp. 

Finally, A DBN-based model is used to identify the 
most potential regulators for each mediod i. The 
inference of DBN involves two components to learn: 
conditional probabilities, and the structure of the 
network. We have initialized the conditional 
probabilities of each mediod i in relation to its potential 
regulator mediods (kCp) computed from the data. Given 
the conditional probabilities, the structure learning 
problem is considered as an optimization problem.  
That is, a Bayesian function computes the score for 
each subset of regulators using the initial conditional 
probabilities.  We then selected the subset of regulators 
with the maximum score as the most potential 
regulator of the target mediod and connections are 
constructed among each member of the regulator and 
target cluster. If more than one subset scores the 
maximum, then the parent set will be the union of the 
subsets. 

A similar DBN algorithm is applied within the 
genes of each cluster to find regulation among co-
expressed genes. 

 
3.3. Merge networks learned by the models 
 
Given n genes in the dataset, the identified causal 
connections among genes are placed into an n×n 
matrix, where each row corresponds to a regulator 
gene. If a gene j is regulated by a gene i , then the cell 
[i,j] in the matrix contains 1, otherwise 0.  

Assume, A and B are two such matrixes learned by 
two different GRN models. In order to merge the 
networks, we used a Bit-wise OR function given in (3) 

    Merged_Network = BITOR (A, B)                    (3) 
 
4. Experiments and Results 
 
To investigate how effectively our proposed 2-stage 
DBN-based model can infer the causal relationships 
among genes and to what extent the current challenges 
can be addressed, we have run experiments on real 
microarray gene expression data of yeast cell cycle. 
The free statistical software, R [10] has been used to 
implement the PAM clustering algorithm and Bayesian 
Net Toolbox (BNT) [11] to construct Dynamic 
Bayesian Network.  
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In order to verify the potency of the approach with 
respect to the current challenges, we have computed 
accuracy and computation time. ‘Accuracy’ is the 
percentage of correctly identified relationships out of 
known regulator-target pairs. These known 
relationships have been extracted from various sources 
[12] [13]. ‘Computation time’ is the run time of the 
whole approach. Again, ‘Correctly Identified 
Relationships’ specifies predicted relationships that 
have been established in yeast cell cycle regulation as a 
direct influence. The experimental results of our 
proposed 2-stage approach (DBN2-stage) together with 
three existing DBN-based GRN models (DBNBNT, 
DBNZou, and DBNAkther ) on the real dataset have been 
summarized in Table 1. 
Table 1. Dataset alpha38, includes expression 

data of 200 genes over 22 time points 

Inspecting the reconstructed network, it is found 
that the number of true relationships predicted by our 
2-stage approach has significantly improved in 
comparison with the existing GRN models. Despite the 
fact that DBN2-stage can identify only 52 connections of 
the 713 known regulator-target pairs. We can speculate 
some reasons behind this low accuracy of prediction. 
The primary reason is the lack of preciseness both in 
the design and accomplishment of microarrray 
experiments. This imprecision leads to a high level of 
noise in microarrray data. Second, our working dataset 
includes a fraction of the CCR genes and we know an 
incomplete picture of the target GRN. Because of the 
lack of knowledge, a good proportion of predicted 
connections can not be verified. Then again, the 
absence of some important genes in the dataset such as 
some cyclin genes (CLB5, CDC28) may cause not 
only the loss of true connections but also the inference 
of true negative interactions.    

The second challenge, excessive computational cost 
of inferring GRN has been addressed remarkably by 
DBN2-stage in comparison with DBNBNT and DBNZou.  
We believe that the use biological knowledge in 
finding regulators of individual and co-expressed genes 
is the key to the success of our new 2-stage approach. 

5. Conclusion 
 

In this paper, we discussed a 2-stage approach for 
reverse engineering GRN from real microarray datasets 
of yeast cell cycle. We showed how incorporation of 
biological domain knowledge can address the major 
challenges of current DBN-based GRN models. 
However, our approach is not readily applicable to 
incomplete data. In the future, we hope to extend our 
methodology to work with data with missing values. 
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Method 
Correctly  
Identified 

Relationships 
Accuracy Computation 

Time 

DBNBNT 
[11] 15 2.104% 

 
37 hrs 27 mins 

11 secs
DBNZou 

[5] 9 1.262% 26 hrs 43 mins 
3 secs

DBNAkther 
[6] 30 4.208% 14 hrs 41 mins 

35 secs
DBN2-stage 

(this work) 
52  

7.293% 
14 hrs 54 mins 

51 secs
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