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Bayesian Approaches to Modeling Gene 
Regulatory Networks:  A Literature Review
ChanChal Kumar roy1, Banani roy1 and mohammad Gias uddin2 
1sChool of ComputinG, Queen’s university, KinGston, Canada
2department of eleCtriCal and Computer enGineerinG, Queen’s university, KinGston, Canada

introduCtion

Responding to competition for space and nutrients in 
microResearch in molecular biology has traditionally focused 
on a single gene, a single protein or a single reaction at a time. 
The recent development of high-throughput methods and 
gene-expression arrays in particular, is leading to an unprec-
edented growth in available gene expression data. These data 
provide measurements of the expression levels of thousands 
of genes simultaneously, and is becoming an important tool in 
furthering the understanding of organisms at a cellular level. 
This understanding of organisms at a cellular level can help 
to predict genetic predisposition to disease and can serve as 
a set of diagnostic markers. This understanding can also assist 
in finding better treatments options for existing diseases (e.g., 
pharmacogenomics).

However, there is a need for methods that can handle this 
data reflecting the effective functional state of a large biological 
system, and that can analyze such large systems at some abstract 
level, without performing the exact biochemical reactions. At the 
very least, such methods could help in guiding the traditional 
pharmacological and biochemical approaches towards those 
genes of interest among the thousands of newly discovered 
genes. Ideally, a sufficiently predictive and explanatory model 
at an abstract level could obviate the need for an exact un-
derstanding of the system at the biochemical level having the 
ultimate goal to understand the exact systems in full detail. 

Gene regulatory networks (GRNs) represent the de-
pendencies of the different actors in a cell. GRNs determine 
the level of gene expression for each gene in the genome by 
observing whether a gene will be transcribed into RNA. A 
GRN consists of one or more input signaling pathways, several 
target genes, and the RNA and proteins produced from those 
target genes. In addition, such networks often include dynamic 
feedback loops that provide for further regulation of network 
activities. Knowledge gained from GRN will be important for 
understanding cellular processes, designing new strategies to 
combat disease and so on.

Several mathematical models exist that can describe 
GRNs in a precise and unambiguous manner. One of the 
most popular models is based on Bayesian Network.  This is a 
graphical model that represent dependencies and conditional 
independencies among random variables. Due to its probabilistic 
nature, it succinctly captures the stochastic aspects of gene 

expression and noisy measurements.1

Here we review systems that are relying on Bayesian 
Networks for modeling genetic regulatory networks. We 
compare the different approaches, study their limitations, and 
suggest potential future research directions.

evolution of Bayesian approaChes for modelinG Grns  
The application of Bayesian networks to modeling gene 

regulatory networks is an active research field. This section 
surveys some of the work in the area to date. 

Bayesian Networks1 were first suggested as a model for 
gene networks by Friedman et al.2 They used it for learning/
predicting relationships among genes from continuous gene 
expression data. For learning the GRN they have discretized 
gene expression data into 3 levels, i.e. -1(Unexpressed), 
0(Normal), 1(Over-expressed), based on fixed thresholds. 
The work provided some promising results, but the authors 
concluded that in order to infer networks from expression 
data alone much larger datasets were required.2  This ap-
proach was extended to allow for variable discretization 
by constructing sub-networks of interacting genes using hill 
climbing.3  A significant improvement by Hartemink et al. was 
the incorporation of hidden nodes/variables into the network, 
which can capture the influence of currently unobserved fac-
tors (viewed as latent variables, e.g. protein levels) and make 
predictions. Moreover, these predictions can be verified later 
as data become available.4   

Following these initial lines of research, Imoto et al. 
extended Friedman’s continuous Bayesian network to handle 
non-linear relationships between genes, introducing the as-
sumption that the parent genes do not depend linearly on 
the objective genes.5 They also handle the possibility of cyclic 
regulations by adopting the dynamic Bayesian network model 
over time series data.6  

During the past two years, most research in this area 
focused primarily on improving the performance of Bayesian 
approach for GRN modeling, by incorporating prior knowledge 
such as known dependencies between components of the 
system.7, 8  In addition, Zou et al. introduced a new approach 
to increase the accuracy of learning GRNs and to improve 
computation complexity by limiting potential regulators to 
those genes with either earlier or simultaneous expression 
changes with respect to their target genes.9
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There are several other works that extensively speak 
about the impact of expression data types (e.g., discrete vs. 
continuous data) on the results obtained10, 11, the effectiveness 
of using synthetic data with incremental process12, 13,   the role 
of prior knowledge14, 15 to improve the Bayesian models, im-
proving the performance of the model20, 21, and the feasibility 
of studying the hidden variables22,23,24,25 of the model. 

oBservations, ChallenGes and future researCh 
direCtions

We believe that several issues are left either unanswered 
or ambiguous for modeling GRN using Bayesian networks. 
Here we list some of the challenges the researchers are cur-
rently facing.

Discrete vs. Continues Expression Data:  The first 
ambiguous issue is whether to use the discrete or the continu-
ous expression data. In general, the discretization of expression 
data causes some information loss. The direct use of continuous 
data could overcome the problem of using discretization. The 
studies above do not provide information about difference 
in results when discretized data is used as opposed to the 
original continuous data.  Ott et al. claimed that the data being 
discrete or continuous has no impact on the results obtained.10 
However, they do not show  side-by-side results using discrete 
and continuous data to support this claim. On the other hand, 
Friedman claims that using continuous data will eventually lead 
to model the network with the noise in data (some examples of 
noise could be variation among patients and tumor locations or 
experimental noise).11  It would be very useful if a case study on 
the same expression dataset is performed, explicitly comparing 
the two types of data: discretized and  continuous.

Noise: Noise is inherent in microarray experiments. 
There are difference sources of noise in the experiment. Some 
noises exist due to the variation among patients and tumor 
locations, variation in the cellular composition of tumors, 
heterogeneity of the genetic material within tumor caused by 
genomic instability, whereas some noises stem from differences 
in sample preparation, and in variability in the experimental 
settings such as nonspecific cross hybridization, differences in 
the efficiency of labeling reactions and production differences 
between microarrays. The noise derived from experimental 
techniques is reproducible and its boundaries can be modeled, 
whereas the noise that stems from biological sources cannot 
be corrected but can be accounted for with statistics using 
replicates of the treatments or conditions.3, 6, 11  Although 
Bayesian Network can handle noise due to its probabilistic 
nature, further investigation is required with the experiment 
of using discrete and continuous expression data as mentioned 
above. 

Sample Size: The second major issue is concerning the 
sample size. None of the papers we have found suggests an 
estimate of a sufficient sample size for a good model. This 
is an important issue since obtaining data from microarray 
experiments is expensive and without a proper sample size it 
is not possible to obtain a good model that best fits our re-
quirements.. Therefore, it is better to know the sample size in 
advance in order to have sufficient data for modeling the gene 
network accurately.  In general, this can be done by simulating 

an artificial model to get a set of time series data. After that, 
the obtained artificial dataset is compared to the experimental 
dataset to determine the differences. These differences are then 
incorporated into a second iteration of the above process to 
modify the system in such a way that it better fits the experi-
ment data. Therefore, for predicting a certain sample threshold, 
one can think of using synthetic data with incremental process 
to model the network.11, 12 , 13 

Prior Knowledge:  There is relatively little work ad-
dressing the issue of prior knowledge. Some examples of 
studies in this direction include Hartemink et al. and Segal et 
al. that used binding site information as priors to improve their 
Bayesian models.14, 15 Imoto et al. used biological knowledge like 
protein-protein interactions, protein-DNA interactions, bind-
ing site information in the microarray data for improving their 
Bayesian model.16  Therefore, it is advisable to gather existing 
biological knowledge as much as possible and then associate 
that knowledge in the modeling process.17, 18, 19

Performance:  Performance is a major issue as it in-
dicates how good the model is, in terms of computational 
complexity under various settings such as the size of the 
dataset, the connectivity of the network and so forth. It is not 
yet clear how better the obtained network is with respect to 
the computational complexity.  Although, most of the papers 
have attempted to provide some contribution to this issue, 
none of them are successful to provide explicit results in sup-
port of their arguments.  A good approach of improving the 
performance has been introduced by Ott et al.8  Segal et al. have 
also used a motif finding approach to identify transcriptional 
modules which is a promising approach (at least a first step) to 
improve the performance of the inferred network.20 Recently, 
Segal et al. have provided an extensive study on learning Module 
Network, a Bayesian network in which variables in the same 
module share parents and parameters. They have shown that 
the use of such networks greatly improves the performance of 
the learning procedure.21 Using the approach of Segal et al.20, 21 
one can greatly improve the speed of the learning process. 

Number of Regulators of a Target Gene: In order to 
reduce the search space, most of the work described above 
tried to limit the number of potential regulators of each target 
gene. However, the methods were based on heuristics or as-
sumptions and in most of the cases, the proposed algorithms 
hardly could have achieved dominating results. Moreover, most 
of the works claimed that their proposed algorithm usually 
finds pretty good solutions, but there is no proof that the 
solutions could not get arbitrarily bad. As mentioned before, 
Zou et al. have introduced a promising method of limiting the 
potential regulators to those genes whose expression change 
either preceded or occurred simultaneously to that of their 
target genes.9  The problem of coping with feedback loop 
(where a target gene can in turn regulate its regulator) caused 
by  mRNA half-lives can be efficiently handled with a technique 
using nonparametric regression for nonlinear modeling of 
GRNS by Kim et al.6 Therefore, if it is possible to combine the 
methods of Zou et al.9 and Kim et al.6, the number of potential 
regulators for a target gene could be reduced with more ac-
curacy and in the same time reducing the search space, thus 
improving the computational complexity. 

Roy et al. : Bayersian
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States and Roles of the Regulators: Given a set of 
regulators for a target gene, it is  important to understand at 
which stages of the gene expression the regulators are active or 
inactive. Predicting/learning the state of the regulators (i.e., ac-
tive or inactive), will be very helpful. The next step is to find out 
whether an active regulator is  going to act as an activator or an 
inhibitor. We know a regulator could play a role as an activator 
or an inhibitor which has two complementary impacts on the 
target gene. An approach to this issue of identifying activators 
or inhibitors and their roles in the modeling has been made by 
Noto et al.22 However, their proposed approach was evaluated 
with some certain baseline(s) and there is no other sufficient 
evidence that their approach is a good one in all cases.   They 
model the states of the regulators as hidden nodes in their 
network. Once the regulator states and roles are modeled as 
hidden nodes, one could use an efficient learning algorithm of 
the hidden nodes. Another recent work to this same direc-
tion is studied by Beal et al.23 However, if we could have an 
efficient algorithm for learning hidden variables of Bayesian 
networks, most of problems pointed by Noto et al. and by Beal 
et al. could be avoided and the performance of the learning 
algorithm could be improved with better accuracy. Noto et 
al. have used the expectation maximization (EM) algorithm for 
learning hidden variables. This algorithm, however, can easily 
get trapped in suboptimal local maxima. Learning the model 
structure is even more challenging The structural EM algorithm 
can adapt the structure in the presence of hidden variables, but 
usually performs poorly without prior knowledge about the 
cardinality and location of the hidden variables. For overcoming 
such problems, recently, Elidan and Friedman have performed 
a comprehensive study for learning hidden variables24 by using 
information bottleneck framework of Tishby et al.25 For learning 
hidden variables, Elidan and Friedman’s approach would be the 
promising option for researchers.

   
ConClusion

Genetic Network Modeling using microarray data is 
an active research area and the literature reports numerous  
algorithms/approaches as well as potential applications that 
can take advantage of microarray data in drug discovery and 
clinical diagnosis. This short review provides an introduction to 
the different Bayesian approaches currently used for modeling 
GRN. We have indicated some of the limitations, and suggested 
possible remedies as well as future research directions. 
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