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ABSTRACT 
Advances in microarray technologies have enabled 
simultaneous measurement of expression levels of 
thousands of genes, creating new opportunities and 
challenges for gene expression data analysis. 
Several recent studies have proposed to extract 
gene regulatory relations from microarray data with 
a wide range of techniques. However, because of 
the dimensionality problem in microarray data, 
most existing studies have included only a small 
number of genes. There is also a lack of evaluation 
of the extracted networks. Both problems have 
limited the practical value of the gene regulatory 
network analysis. In this paper, we present two 
algorithms for large-scale gene regulatory network 
analysis: an information-theory-based Bayesian 
network algorithm and a modified association rule 
mining algorithm. We also present two types of 
evaluations of the resulting networks: a simulation-
based evaluation and an empirical evaluation. Six 
simulated gene expression datasets based on three 
pre-defined regulatory network models and two real 
datasets (a Saccharomyces cerevisiae dataset and a 
Homo sapiens dataset) were used in the evaluation 
study. The simulation-based evaluation results 
indicated that the two techniques could extract 30% 
- 60% correct relations when relation direction was 
not considered. The empirical evaluation showed 
that the extracted networks generally failed to 
identify regulatory relations reported in the 
literature. However, more than 50% of the extracted 
relations reflected gene co-occurrence patterns in 
the literature, and a small set of relations appeared 
to domain scientists to be potentially correct and 
interesting.  
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1. INTRODUCTION 
Recent advances in microarray technologies have 
made possible large-scale gene expression analyses 
based on simultaneous measurements of thousands 
of genes. Many data mining techniques (e.g., 
clustering and classification) have been employed 
to uncover the biological functions of genes from 
microarray data. Recently, a reverse engineering 
approach has been used to extract gene regulatory 
networks in order to reveal the structure of the 
transcriptional gene regulation processes.  

The general goal of gene regulatory network 
analysis is to extract pronounced regulatory 
relations (e.g., activation and inhibition) between 
genes by examining the global gene expression 
patterns. The resulting network of regulatory 
processes may help researchers form new 
hypotheses about the behavior of biological systems 
and assist with the design of further experiments. 
Many studies have proposed various network 
extraction approaches. However, a common 
problem in these studies is that they include only a 
relatively small number of genes. This is mainly 
because of the inherent dimensionality problem in 
microarray data, which usually contain an 
insufficient number of samples of a large number of 
genes. To enable this type of analysis to capture the 
complexity of the biological systems, scalable 
techniques need to be developed to extract 
regulatory networks that contain a large number of 
genes. Another problem in previous studies is the 
lack of empirical evaluation of the gene regulatory 
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networks generated using various approaches. It is 
unclear whether resulting networks provide 
valuable information about the behavior of 
biological systems. 

In this paper, we present two scalable gene 
regulatory network extraction algorithms: an 
information-theory-based Bayesian network 
algorithm and a modified association rule mining 
algorithm. To assess the usefulness of the two 
techniques, we conducted a simulation-based 
evaluation and an empirical evaluation.  

The remainder of the paper is organized as follows. 
Section 2 reviews the literature on existing 
approaches to extracting gene regulatory network 
and their limitations. Section 3 addresses the 
representation issues and presents the algorithmic 
details of the two proposed techniques. Section 4 
presents the two types of evaluation studies. We 
conclude the paper and identify future directions in 
Section 5. 

2. LITERATURE REVIEW 
Gene regulatory network analysis is aimed at 
identifying regulatory relations among genes. In 
such analysis, gene interactions are viewed as 
signaling processes that form a complex feedback 
network. Information for the construction and 
maintenance of this signaling system is stored in the 
genome. The DNA sequence codes for the structure 
and molecular dynamics of RNA and proteins in 
turn determine biochemical recognition of the 
signaling processes. The regulatory molecules that 
control the expression of genes are themselves the 
products of other genes [18]. Thus, genes turn each 
other on and off within a proximal genetic network 
of transcriptional regulators [25]. This genetic 
network provides a partial picture of the complex 
biological processes. Many other factors (e.g., 
proteins and metabolites) also play important roles 
in this signaling system and are largely hidden from 
observation. However, the aggregated effects 
reflected in gene expression patterns still reveal 
valuable information about the underlying 
processes. To identify such gene regulatory 
processes, researchers represent genes as activators 
and inhibitors of each other and have applied 
various approaches.  

A traditional approach to identifying gene 
regulatory relations is the “knockout” experiment. 
In such an experiment, the gene expression level of 
a particular gene is lowered while all other 
conditions are kept constant. The differences in 
gene expression levels of other genes are used to 
infer the underlying regulatory relations. Usually, 
this approach can reliably uncover regulatory 
relations among a small number of genes, but is 
difficult to scale up for regulatory networks 
consisting of hundreds of genes. This is because of 
the sheer number of possible combinations of 
experimental manipulations that are needed to 
reveal the complete regulatory network.  

Recent development of microarray technologies has 
made it possible to measure expression levels of 
thousands of genes simultaneously. This has 
enabled researchers to use reverse engineering 
approaches to trace back to gene regulatory 
network structures. 

2.1 Extracting Gene Regulatory Networks from 
Microarray Data 
The earliest models proposed in the literature are 
discrete models. Examples are Boolean regulatory 
networks in which the gene expression levels are 
represented as 0 (not expressed) or 1 (expressed) 
[16, 18, 35]. These models are based on the notion 
that biological networks can be represented by 
binary, synchronously updating switching 
networks. However, since variables in real 
biological systems change continuously in time, 
many continuous models have been recently 
proposed. 

Wessels et al. categorized existing continuous 
models of gene regulatory networks into three 
types: pair-wise comparison, rough networks, and 
complex networks [34]. 

Pair-wise comparison methods construct regulatory 
networks based on relations between each pair of 
genes. Two examples of such methods are the 
Correlation Metric Construction (CMC) [2] and 
Activation/Inhibition Networks [6]. Such 
approaches may not reveal complete regulatory 
structures because they ignore the fact that the 
expression level of one gene is governed by the 
combined actions of multiple other genes.  
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Rough network models represent the output gene 
expression level as a weighted sum of its input gene 
expression levels. Wessels et al. used a generalized 
difference equation, as shown in (1), to characterize 
this class of models [34]. 
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where g refers to the regulation-expression 
(activation) function, Xi[t] represents the expression 
of gene i at time instance t, Ri represents the rate 
constant of gene i, Wij represents strength of control 
of gene j on gene i, Uk[t] represents k-th external 
input at time instance t, Vik represents influence of 
the k-th external input on gene i, Bi represents the 
base expression level of gene i, and λi represents the 
degradation constant of gene i.  

A variety of approaches have been proposed to 
infer the parameters of such differential or 
difference equations, including Recurrent Hopfield 
networks [20], linear programming [6], simulated 
annealing [19], genetic algorithms [31], and linear 
regression [10, 24, 32]. When a large number of 
genes are incorporated into the model and a 
relatively small number of samples are available, a 
dimensionality problem inevitably arises due to the 
large degrees of freedom. 

A complex network not only models interactions 
between genes based on measured expression levels 
but also explicitly models their intermediate 
products, such as proteins and metabolites [6]. 
Consequently, these models also require expression 
levels of intermediate products and typically 
contain a large number of parameters, making them 
more difficult to construct than the pair-wise 
comparison and rough network models. 

Murphy and Mian [21] and Friedman et al. [11] 
have recently proposed to use Bayesian network 
models to represent and extract gene regulatory 
networks from microarray data. Bayesian network 
models can include most previously proposed 
discrete and continuous models as special cases and 
allow stochastic mechanisms and hidden variables.  

2.2 Limitations of Existing Approaches 
Existing gene regulatory network studies have two 
limitations. First, most approaches proposed in 
previous studies could model relations among only 

a small set of genes. This is mainly because of the 
dimensionality problem of the microarray data, i.e., 
the number of genes measured is much larger than 
the number of available samples. For example, [19] 
used 8 samples of 27 genes, [31] used 28 samples 
of 65 genes, and [24]  used 18 samples of 45 genes 
and 14 samples of 113 genes. However, gene 
interactions form a complex signaling system in 
which the behavior of any single gene may be 
affected by many other genes. A study with a 
limited number of genes reveals only a subset or a 
local structure of the complete regulatory network. 
It is desirable to extract the regulatory network 
including a large number of genes. Only in the 
recent study by Friedman et al. [11], in which the 
goal is to identify pronounced gene regulatory 
relations rather than to specify the exact regulatory 
network structure, a relatively large number of 
genes (800) were included in the analysis. 

Second, little research has been done to evaluate the 
various approaches in terms of their abilities to 
extract known gene relations from microarray data 
and the abilities to suggest hypotheses about 
unknown relations.  

Both issues have limited the empirical value of 
gene regulatory network analysis. To address these 
problems, we present in this paper two techniques 
that can extract large-scale gene regulatory 
networks from microarray data:  an information-
theory-based Bayesian network learning algorithm 
and a modified association rule mining algorithm. 
Both approaches were evaluated to assess their 
empirical value. 

3. ANALYTICAL TECHNIQUES 
In this section, we first introduce our representation 
of the gene expression data and then present the 
two network extraction techniques proposed.  

3.1 Gene Expression Representation 
We represent the expression level of a gene as a 
random variable. In microarray data analysis, the 
expression levels of genes in a test sample (gene 
chip) usually are compared with a reference sample. 
A microarray dataset is represented as O = {O1, …, 
OI}, where I is the number of samples (chips), and 
Oi = (<ei1t, …, eiNt>, <ei1r, …, eiNr>), where N is the 
number of genes, eint is the test expression level of 
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gene n in sample i and einr is the reference 
expression level of gene n in sample i.  The gene 
expression data used for analysis purposes are 
represented as X = {X1, …, XI}, where Xi =<xi1, … 
xiN>, and xin = log(eint/einr).  

To keep the network extraction algorithms simple, 
we represented xin as discrete random variables. 
Based on discussions with domain scientists, we 
performed ternary discretization [11, 29] and 
transformed xin as 1, 0 or –1 as in (2). 








−≤−
+≥+

=
otherwise.,0    

expressed,-under Θ,i,1
expressed,-overΘ,i1,

xf
xf

xin
  (2) 

where Θ is a predefined threshold.  

Expression levels of genes vary from sample to 
sample due to different experimental treatments or 
other external factors (e.g., time period). It is these 
variations that enable us to extract the underlying 
regulatory network structure that captures the gene 
interaction patterns.  

In the following sections, we present the 
algorithmic details of the two techniques that can be 
used to extract large-scale regulatory networks from 
microarray data. 

3.2 Bayesian Networks 

3.2.1 Background 
Bayesian networks are a special case of a more 
general class of models called graphical models, in 
which vertices represent random variables and the 
absence of an edge between two vertices represents 
conditional independence between them. Consider a 
finite set V = {V1, …, Vn} of random variables. A 
Bayesian network representation contains two 
components: a directed acyclic graph (DAG) G 
whose vertices correspond to the random variables, 
and the conditional probability distribution for each 
variable, given its dependent variables (parents) in 
G. The graph G specifies the dependency 
relationships among variables and encodes the 
Markov Assumption: Each variable Vi is 
independent of its non-descendants given its 
parents in G.  

An example can illustrate the basic idea [11]. Given 
a Bayesian network specified in Figure 1 for 5 

genes: A, B, C, D, and E, this structure specifies the 
parents for gene B, D and C: Pa(B) = {A, E}, Pa(D) 
= {A}, Pa(C) = {A, B, E}, where Pa(X) represents 
the parent vertex set for vertex V. It also implies 
several conditional independency relationships: I(A; 
E), I(B; D| A, E), I(C; A, D, E | B), I(D; B, C, E | A) 
and I(E; A, D), where I(X; Y | Z) represents that X 
and Y are conditionally independent, given Z. In the 
gene expression analysis context, it can be 
interpreted that when gene Z is at a fixed expression 
level, expression level of gene X does not give any 
information on the expression level of gene Y and 
vice versa.  

AE

D

C

B

 
Figure 1. A simple example of Bayesian network 

Once G is specified for a gene expression dataset, 
we can interpret a directional edge from X to Y in G 
as a statement that X is the “cause” of Y, or 
expression level of V has an effect on expression 
level of Y. 

3.2.2 Implementation 
There are two general approaches to learning 
Bayesian network from data: the search and scoring 
methods and the dependency analysis methods [7]. 
In the first approach, the learning problem is 
viewed as searching for a structure that best fits the 
data.  Different scoring methods have been applied 
to determine the fit between the network structure 
and the data, including the Bayesian scoring 
method, entropy based method, minimum 
description length method, etc.  Because such 
search and scoring methods are NP-hard [8], many 
search heuristics have been adopted. The Bayesian 
networks methods proposed in the literature of gene 
regulatory network learning typically used 
heuristic-based search and scoring methods [11, 
21]. 

The dependency analysis approach tries to discover 
from data the dependencies among variables and 
then to use these dependencies to infer the network 
structure [27, 28, 33]. Different forms of 
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Conditional Independency (CI) tests have been used 
to measure the dependency relationships.  

The dependency analysis approach is generally 
more efficient than the search and scoring approach 
for sparse networks (the number of edges in the 
graph is relatively small) [7]. In this study, in order 
to perform large-scale gene regulatory network 
analysis, we chose to implement the dependency 
analysis approach for Bayesian network learning. 
We used the information-theory-based learning 
algorithm proposed by Cheng et al. [7]. 

The most significant advantage of this algorithm is 
that, unlike all other practicable dependency 
analysis based algorithms, this algorithm can avoid 
exponential complexity of CI tests. The algorithm is 
of O(N4) of CI tests when learning Bayesian 
networks with completely unknown network 
structures. 

After the network structure has been extracted, we 
use a simple heuristic to determine the biological 
meanings of the edges. For an edge that points from 
gene X to gene Y, we calculate the activation and 
inhibition measures as defined in (3) and (4) to 
determine the relation type. Edges with activation 
(inhibition) measure larger than a specified 
threshold are labeled as activation (inhibition) 
relations. The resulting Bayesian network model 
may contain four types of gene relations: activation, 
inhibition, causal (when edge direction is 
determined but cannot be labeled as activation or 
inhibition) and dependency (when the edge 
direction cannot be determined).  

)1or  1(
)1,1()1,1(Measure Activation

−==
−=−=+==

=
XXP

XYPXYP  (3) 

)1or  1(
)1,1()1,1(Measure Inhibition

−==
−==+=−=

=
XXP

XYPXYP

 (4) 

3.3 Association Rule Mining 

3.3.1 Background 
Association rule mining was originally proposed for 
market basket analysis to study consumer-
purchasing patterns in retail stores [1]. An 
association rule is a relationship of the form A⇒B, 
where A is the antecedent item set and B is the 
consequent item set. The rule A⇒B holds in the 
transaction set D with confidence c if c% of 

transactions in D that contain A also contain B. The 
rule A⇒B has support s if s% of transactions in D 
contain both A and B. the goal of association rule 
mining is to find all the rules that have support and 
confidence greater than user-specified thresholds. 

Association rule mining can be used to extract 
relationships among multiple genes based on 
conditional dependency. Association rules not only 
capture the correlation between genes, but also 
provide the direction of relationships. Some initial 
work of using association rules in molecular 
classification and gene regulatory relation 
extraction has been reported in [4, 5, 17, 22]. Since 
microarray data has a very large number of 
variables (genes), association rule mining method 
usually generates too many rules for biomedical 
researchers to explore and analyze. Several rule 
evaluation operators are reported in [29] in order to 
resolve this problem of “rule explosion”. 

3.3.2 Implementation of a Modified Association 
Rule Mining Algorithm  
Classic association rule mining algorithms can only 
handle Boolean data, which requires discretization 
of continuous gene expression values in data 
preprocessing phase. Becquet et al. applied a binary 
discretization to gene expression data and set values 
less than or equal to a threshold to 0 and all values 
greater than the threshold to 1 [4]. This approach 
may lead to information loss because binary 
representation fails to capture the overall gene 
expression distribution. Alternatively, a ternary 
discretization approach was used in [5, 29] to 
convert each gene expression to one of three levels, 
i.e. under-expressed, normal, or over-expressed. For 
each gene, three Boolean variables were used to 
represent the three expression levels respectively. 
This approach captures gene expression distribution 
more completely than binary discretization does. 
However, the increased number of variables to be 
processed may lead to larger numbers of potential 
association rules, thereby increasing the difficulty 
in interpreting and analyzing the rules extracted. It 
may also reduce the computational efficiency of the 
mining process. 

Without assigning a Boolean variable to each 
expression level of each gene like in [29], we 
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simply use one single variable to represent each 
gene, i.e. for gene X, its expression level can be 
represented as under-expressed (X = −1), normal (X 
= 0) or over-expressed (X = 1), respectively. Based 
on such a ternary discretization, we modified the 
classic association rule mining algorithm to extract 
gene activation and inhibition relations from 
microarray data. 

)(
)()(

Xsupport
XYsupportYXconfidence

−
−− =→

  (9) 

The challenge of this modified association rule 
mining approach is to generate all rules (both 
activation and inhibition) that have support and 
confidence equal to or greater than a user-specified 
minimum support (called minsup) and minimum 
confidence (called minconf) respectively. 

According to biological interpretations, the 
activation and inhibition relations between two 
genes, X and Y, can be respectively denoted as 
follows: 

We use an example to illustrate the basic idea 
behind our method, given transformed expression 
levels of gene X and Y in six samples (Table 1), 
minsup = 20%, and minconf = 60%. Based on our 
definition of support and confidence, for rule 
“ ”, we have support(X) = 100%, 
support+(XY) = 66.67% > 20%, and 
confidence+( ) = 66.67% > 60%. X  is 
thus extracted as an activation rule. 

YX →+

YX →+ Y→+

(a) X activates Y ( ): IF X is over-expressed 
(X = 1), THEN Y is over-expressed (Y = 1); IF X is 
under-expressed (X = −1), THEN Y is under-
expressed (Y = −1) 

YX →+

(b) X inhibits Y ( ): IF X is over-expressed 
(X = 1), THEN Y is under-expressed (Y = −1); IF X 
is under-expressed (X = −1), THEN Y is over-
expressed (Y = 1). 

YX →−

Table 1. Transformed expression levels of gene X and Y 
Gene 1 2 3 4 5 6 

X -1 -1 -1 1 -1 1 
Y -1 -1 -1 0 1 1 

Based on these notions, support and confidence of 
association rules are redefined in our modified 
association rule mining algorithm. Given a gene 
expression matrix D, the support of a single gene X 
is defined in (5): 

4. EVALUATION STUDY 
One major goal of this research is to assess the 
empirical value of employing microarray data to 
extract gene regulatory networks. In this section, 
we present two types of evaluation studies: a 
simulation-based evaluation and an empirical 
evaluation. The purpose of the simulation-based 
evaluation is to determine the ability of our 
techniques to uncover the underlying regulatory 
network structure. The empirical evaluation, on the 
other hand, provides direct evidence on the 
potential of the techniques through identifying 
regulatory relations that are either known or helpful 
for developing new hypotheses. 

D
XorX

Xsupport
11

)(
−==

=
    (5) 

where ||X = 1 or X = −1|| is the number of samples 
in D in which X = 1 or −1; |D| is the number of 
samples in D. 

For an itemset of two genes, X and Y, two new 
measures called support+ and support- are defined 
in (6) and (7), respectively: 

4.1 Simulation-based Evaluation 
D

YandXYandX
XYsupport

1111
)(

−=−=+==
=+

 (6) Simulation approach is frequently used to validate 
network-extraction techniques (e.g., [7]). With this 
approach, a network model is usually pre-defined, 
based either on existing knowledge in an 
application domain or on a randomly generated 
structure. Values of the variables in the model are 
generated based on this network model. Using these 
simulated data as inputs, network models can be 
constructed using different network-extraction 
techniques. The inferential power of the techniques, 

D
YandXYandX

XYsupport
1111

)(
=−=+−==

=−

 (7) 

The confidence+ of an activation rule and the 
confidence- of an inhibition are defined in (8) and 
(9): 

)(
)()(

Xsupport
XYsupportYXconfidence

+
++ =→

  (8) 
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i.e. the ability to uncover underlying structures, can 
then be assessed by comparing the extracted model 
with the pre-defined model.  
The simulation approach has been recently 
employed to evaluate different approaches to 
extracting gene regulatory networks. Wessels et al. 
conducted a comprehensive evaluation of various 
network extraction techniques using simulated gene 
expression data [34]. Their study was focused on 
time-series models with a small number of genes 
(15 genes). Their major conclusion was that most 
existing approaches had surprisingly low inferential 
power.  
We specifically incorporated characteristics of gene 
expression data (e.g., the limited number of samples, 
the large number of genes, and noise and 
measurement errors) into the simulation process in 
order to evaluate the usefulness of the network-
learning techniques in deriving gene regulatory 
networks from gene expression data. The advantage 
of using simulation data for evaluation is that the 
underlying network model is known. In contrast, 
when using real experimental data, large portion of 
the underlying regulatory network might be 
unknown, making it difficult to determine the 
quality of the extracted networks through 
comparison against the literature or knowledge of 
domain experts.   
4.1.1 Model and Data Simulation  
We used a Bayesian network model to represent a 
gene regulatory network. Thus regulatory relations 
among genes were described by a directional 
acyclic graph, in which directional edges 
represented the regulatory effects of parent 
(upstream) genes on child (downstream) genes. 
Expression level of a gene was assumed to be 
dependent on expression levels of its parent genes. 
The Bayesian network model captures the 
stochastic nature of gene regulatory processes and 
does not require time-series data for learning 
purpose, which makes it applicable to most 
microarray datasets.  
When generating gene regulatory models, we 
considered the following key factors that might 
have significant impacts on network extraction 
performance: (1) number of genes; (2) number of 
source genes (corresponding to the root vertices in 

the network model or the genes that are directly 
affected by the experiment treatments); (3) density 
of the network model (we used a fan-out factor, 
defined by the maximum number of decedents or 
downstream gene of one gene, to control the 
network density); (4) gene expression level (-1, 0 or 
1); (5) gene regulatory relation types (two relation 
types were included: activation and inhibition); (6) 
noise level (a noise level represented the 
uncertainties in regulatory processes; it reflected 
many limitations of the gene expression data, such 
as measurement errors and effects of other factors 
that might have been overlooked).  
To translate the gene regulatory networks into a 
Bayesian network model, we used the conditional 
probabilities described in (10) and (11) to specify 
the activation and inhibition relations (assuming 
that X is the only parent gene of Y). 

   (10) 


 =−

===→+

otherwisep
xywhenp

xXyYPYX
,

,21
)|(:

   (11) 


 −=−

===→−

otherwisep
xywhenp

xXyYPYX
,
,21
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where x, y = -1, 0, or 1; p  is the noise 
level. When p = 1/3, the effect of noise dominates 
the gene expressions, resulting in equal 
probabilities for the three possible expression 
values.  

]3/1,0[∈

We used formula (12) to derive the probabilities of 
the expression level of a gene (Z) given expression 
levels of two parent genes (X and Y). The formula 
can be easily extended to compute probabilities of 
expression levels of genes given expression levels 
of multiple parent genes. 

∑
=⋅

==⋅==

====

zyx
yYzZPxXzZP

yYxXzZP
)|()|(

),|(
  (12) 

where x, y, z = -1, 0, or 1; P )|( xXzZ == and 
)|( yYzZP == are defined as in (10) and (11). 

Based on the factors described above, three gene 
regulatory models were generated using a random 
procedure. The key factors of the three models are 
presented in Table 2. Because a gene regulatory 
network is generally believed to be sparse [3], we 
set fan-out factors to relatively small numbers. 
Based on the three models, we employed the 
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probabilistic logic sampling method proposed by 
Henroin [12] to generate samples of gene 
expression data. For each network model, two 
simulation datasets were generated with sample 
sizes of 40 and 80. These sample sizes were 
selected to reflect typical sample sizes of 
microarray datasets, such as those real datasets used 
in the empirical evaluation section. 

Table 3. Simulation-based evaluation results 

 MAR BN 
True 

Model
Sample 

Size NA-EM NA-DM NA-NM NA-EM NA-DM NA-NM

G1 40 33.33% 33.33% 33.33% 33.33% 41.67% 75.00%

G1 80 33.33% 33.33% 33.33% 33.33% 41.67% 75.00%

G2 40 30.12% 30.12% 31.33% 4.82% 12.05% 39.76%

G2 80 33.73% 33.73% 36.14% 3.61% 10.84% 61.45%

G3 40 28.32% 28.32% 30.10% 4.08% 9.69% 34.18%

G3 80 31.12% 31.12% 31.89% 4.85% 10.46% 36.73%
Table 2. Pre-defined regulatory network models for simulation 

Network 
Model 

Number of 
Genes 

Number of 
Source 
Genes 

Fan-out 
Factor 

Noise 
Level 

Number of 
Relations 

G1 10 2 3 0.2 12 
G2 50 5 4 0.2 83 
G3 200 5 4 0.2 392 

It is shown in Table 3 that MAR results achieved 
higher exact and directional match accuracies than 
BN results except for G1 (10 genes). BN achieved 
higher non-directional accuracies than MAR. These 
results need to be interpreted with caution. The 
relatively high exact and directional match 
accuracy measures of the MAR results were partly 
due to the fact that for many pairs of genes, 
relations of both directions were included in the 
results. In other words, the association rule 
algorithm included relations with both directions 
when it was difficult to infer the relation direction. 
This fact also explains the comparable values for all 
three measures for MAR results. In this sense, the 
three measures of the MAR results were more 
comparable to the non-directional match accuracies 
of the BN results. From these four measures we can 
conclude that the two techniques had the potential 
to extract 30% - 60% correct relations in the 
underlying models for typical gene expression data 
analyses (50 or 200 genes, 40 or 80 samples) when 
relation direction was not considered. Based on the 
exact match and directional match accuracies of the 
Bayesian network results, we can also conclude that 
it was difficult to extract accurate gene regulatory 
models from gene expression data and that only 
small numbers of accurate relations could be 
extracted.  

4.1.2 Simulation-based Evaluation Results 
Gene regulatory network models were generated 
based on the six simulation datasets using the 
Bayesian network and association rule techniques. 
To evaluate the inferred network models, we used 
an accuracy measure as described in (13). 
Network accuracy = 

 
N

N
 model  truein the relations match with that model 
 in the relationsstrongest   e within threlations ofNumber 

inferred  (13) 

where N is the number of relations in the true model.  
Three versions of network accuracy measures were 
computed based on different relation match 
definitions, including an exact match, a directional 
match and a non-directional match. The non-
directional match is the basic match definition. It 
only requires the two relations in comparison to 
involve the same genes. A directional match further 
requires that the directions of the two relations in 
comparison are identical. The exact match is the 
strongest relation match definition. It requires two 
relations to have identical relation types (activation 
or inhibition) in addition to satisfy the directional 
match requirements. The three network accuracy 
measures could provide a complete picture of how 
well an inferred model matched the true model. 

We also observed that for the MAR results the 
effects of the number of genes and samples sizes on 
the accuracy measures were not significant. 
However, accuracy measures of the BN results 
degraded greatly with larger number of genes. The 
sample size also had a strong effect on accuracy 
measures for the BN results for G2 (50 samples) 
and G3 (200 samples).  

The accuracy measures of the inferred network 
models on the six simulation datasets are 
summarized in Table 3. We denote the accuracy 
measures based on exact match, directional match 
and non-directional match as NA-EM, NA-DM, 
and NA-NM, respectively. We are not ready to make general conclusions 

based on the simulation-based evaluation results  
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because of the limited simulation datasets used. 
However, we do think the non-directional match 
accuracies demonstrate that regulatory network 
analysis based on observational gene expression 
data has a practical value for gene researchers. The 
learning results captured large amounts of 
information regarding the gene regulatory 
structures, making the technique quite useful as a 
data analysis tool for new hypothesis development.  

4.2 Empirical Evaluation 
Although simulation-based evaluation provides an 
estimate of the usefulness of the gene regulatory 
network analysis, much more complex real gene 
expression data still pose challenges on the 
empirical value of this approach. Empirical 
evaluations that compare analysis results based on 
real experimental data with existing knowledge of 
gene regulatory relations provides direct evidence 
on the potential usefulness of the approach. We 
employed two real microarray datasets, a S. 
cerevisiae dataset and a Homo sapiens dataset. The 
resulting networks were compared with three types 
of knowledge sources: known gene pathways, gene 
co-occurrence patterns in the literature, and expert 
judgments. 

4.2.1 Datasets and Data Preprocessing 
The S. cerevisiae yeast cell-cycle dataset of 
Spellman et al. [26] has been used frequently in 
previous microarray data analysis studies, which 
provide good benchmarks for evaluation. This 
dataset contains 76 gene expression measurements 
of the mRNA levels of 6,177 S. cerevisiae ORFs. 
The experiments measured six time series under 
different cell cycle synchronization methods [11]. 
The Homo sapiens dataset was provided by Arizona 
Cancer Center, and contained 33 samples (11 cell 
lines under 3 treatments) of 5,306 human genes in 
total.  

Based on our gene expression data representation, 
we applied a ternary discretization to both datasets. 
For the S. cerevisiae dataset, our major goal was to 
compare the network learning results of our 
techniques with those of the previous studies. We 
used the same threshold as in Friedman et al.’s 
research [11], and applied the two techniques on the 
same 800 genes analyzed in their study. The 
threshold they used was 0.5 in logarithmic (base 2) 

scale. Thus, expression levels with ratio to the 
reference that were lower than 2-0.5 were considered 
as under-expressed; levels higher than 20.5 were 
considered as over-expressed; expression levels 
between 2-0.5 and 20.5 were considered as normal. 
For the Homo sapiens dataset, we selected a 
threshold value of 1 in logarithmic (base 2) scale 
based on discussions with the domain scientists 
who conducted the experiments and had substantial 
experiences with the specific dataset. The domain 
scientists suggested that the network extraction 
techniques be applied on the 200 genes with 
greatest expression variations across the 33 
samples. 

4.2.2 Evaluation Against Known Pathways 
Our first empirical evaluation study was intended to 
compare the regulatory networks generated from 
our information-theory-based Bayesian networks 
and association rule mining algorithms with those 
generated using search and scoring methods in 
Friedman’s research [11]. Since the three resulting 
networks were all based on the same 800 yeast 
genes, the overlapping edges could suggest the 
degree of agreement among these three techniques.  

In order to evaluate the abilities of these techniques 
to extract correct gene regulatory relations, we 
selected two sets of gene regulatory relations that 
have appeared in manually drawn regulatory 
pathways and previous literature as evaluation 
benchmarks. One of the relation sets was from the 
manually drawn regulatory pathway maps in Kyoto 
Encyclopedia of Genes and Genomes (KEGG: 
http://www.genome.ad.jp/kegg/). These maps 
incorporated existing common knowledge about 
gene interactions, including many types of relations 
like phosphorylation, dephosphorylation, 
ubiquitination, glycosylation, and transcription 
activation. We selected the relations relevant to 
gene expressions for evaluation purposes. In total 
we obtained from these maps 25 gene relations in 
which both genes were in the 800 genes in our 
network results. The other relation set is from the 
Biomolecular Relations in Information 
Transmission and Expression (BRITE) database. 
The relations consisted of yeast protein-protein 
interactions compiled from the literature, and yeast 
two-hybrid system interactions discovered in [13, 
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Since PubGene can search genes only by gene 
names, genes without a name but only an accession 
ID cannot be searched in PubGene. Such genes 
might not have been well studied in previous 
research. We treated relations involving such 
unnamed genes as unknown relations. More than 
half of the remaining relations (19 out of 29 
relations from MAR, 17 out of 32 relations from 
BN) were found in PubGene. Among these matched 
relations, some are direct relations between two 
genes. For example, for MT2A MT1E, the top 1 
relation from MAR, MT2A and MT1E co-occurred 
in literatures for 11 times, indicating that a 
biological relation exists between these two genes. 
The remaining of the matched relations are indirect 
relations, which means that the pair of genes are 
indirectly linked to each other through a couple of 
other genes. For example, the two genes involved in 
ARHGDIB CTL2 are not directly linked in 
PubGene network, but both associated with a third 
gene IL2. They may also reflect some kind of 
association between those two genes. The 
percentage of each type of relations (unknown, 
direct, indirect, and incorrect) is presented in Table 
5. 

14, 30].  We identified 399 gene expression 
relations in which both genes were among the 800 
genes in the network results. 

Table 4. Empirical evaluation against known pathways 
(BN1: the Bayesian network results of Friedman et al. [11], BN2: 
the information-theory-based Bayesian network results, MAR: 

the modified association rule mining results) 
(a) Overlapping relations among three regulatory networks 

Top N edges 
with highest 

strength BN1 & BN2 BN1 & MAR BN2 & MAR 
20 5 1 3 
50 15 3 5 
200 51 25 44 
500 175 94 138 

1000 279 249 240 
(b) Overlapping relations with know pathways 

Overlap with KEGG 
(25 relations) 

Overlap with BRITE (399 
relations) 

 
Top N edges 
with highest 

strength BN1 BN2 MAR BN1 BN2 MAR 
200 0 0 1 0 0 0 
500 2 0 2 0 0 0 

1000 2 0 3 0 0 0 
5000 3 2 4 5 4 7 

The overlap analysis results are presented in Table 
4a. We selected different numbers of regulatory 
relations by varying the minimum edge strengths in 
the three networks. The results indicated that the 
three regulatory networks had significant amounts 
of overlap in the extracted relations. More overlaps 
were observed between the two Bayesian network 
results. However, all three techniques generally 
failed to extract the gene regulatory relations 
appeared in known pathways (Table 4b). Only a 
small number of overlapping relations were found 
even when 5,000 relations were selected from each 
network. 

Table 5. Literature co-occurrence evaluation results 
Type of Relation BN MAR 
Direct Relations 12% 0% 

Indirect Relations 26% 34% 

Incorrect Relations 20% 30% 

Unknown Relations 42% 36% 

4.2.4 Evaluation Against Expert Judgments 
In the 3rd empirical evaluation study, we asked 
domain scientists to evaluate gene regulatory 
relations in the networks extracted from the Homo 
sapiens dataset. A domain scientist determined 
correctness and interestingness of relations based 
on her experience as well as additional information 
about the genes by extensive literature and 
background information search. A relation was 
considered as interesting if it suggested potential 
hypothesis for a biological function.  

4.2.3 Evaluation Against Literature Co-occurrence 
We also evaluated our regulatory networks 
extracted from the Homo sapiens dataset using our 
Bayesian network (BN) and modified association 
rule mining (MAR) algorithms based on a Web 
database called PubGene (http://www.PubGene. 
com). PubGene creates a gene-to-gene co-
occurrence literature network for 13,712 named 
human genes by automated analysis of titles and 
abstracts in over 10 million MEDLINE article 
records [15]. For each of the two human gene 
regulatory networks (MAR and BN), we chose 50 
relations with highest strength.  

Currently we have conducted the study with one 
domain scientist whose expertise is in Human 
genes. We selected the 100 regulatory relations 
with highest strength from the Human gene 
regulatory network.  
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Our general conclusion is that regulatory network 
analysis can capture large portions of the potential 
regulatory structures behind the gene expression 
data. The small overlap of the analysis results with 
the existing literature and domain knowledge 
indicated that there might be potentials that new 
regulatory relations could be discovered with 
assistance of this type of analysis. 

The overall observation during this study was that 
the gene regulatory relations generated by our 
network extraction algorithms contained many 
genes and relations that have not been well studied. 
The domain scientist could not evaluate most of the 
relations, which conformed to the literature co-
occurrence evaluation results. However, the domain 
scientist did make judgments on several regulatory 
relations. She identified 10 relations as potentially 
correct, including four activation relations 
(SDCCAG28 CATX-8, MAP7 CDH1, S100P 

CDH1, and AA598508 LCN2) and 6 
dependency relations (CAV1-CAV2, EPB72-SGK, 
EGR1-CASP1, SPOCK-ADAM12, LAMA4-CD44, 
and MST1-N92646). She also identified six 
relations as interesting, four of which were among 
the potentially correct relations and the two 
addition relations were an activation relation: 
MME CAV2 and a dependency relation: H61003-
AFAP. She also identified four relations as 
incorrect and four relations as potentially incorrect. 

We are in the process of making the evaluation 
studies complete by including more regulatory 
relations from literature and conduct expert 
evaluation with more domain scientists. At the 
same time, we are also working on mechanisms to 
integrate the regulatory networks from the literature 
and from gene expression data to enable guided 
network learning from data and to allow researchers 
to evaluate the newly identified relations in the 
context of existing relation structures. We also plan 
to conduct larger-scale simulation-based evaluation 
by incorporating richer biological characteristics of 
the gene regulation process. More network-learning 
techniques will be evaluated using a large number 
of simulation datasets to provide practical guidance 
on conducting effective regulatory network analysis 
on gene expression data. 

The evaluation results show that the regulatory 
network extraction techniques were able to extract 
some correct and interesting gene regulatory 
relations from microarray data. At the same time, a 
certain number of incorrect regulatory relations 
might also be extracted. 6. ACKNOWLEDGEMENTS 
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5. CONCLUSION AND FUTURE 
DIRECTIONS 
In this study, we presented two scalable network 
extraction algorithms: an information-theory-based 
Bayesian network algorithm and a modified 
association rule mining algorithm. We conducted 
two types of evaluations to assess the practical 
value of these two techniques in helping researchers 
analyze large amount of gene expression data. In 
the simulation-based evaluation, the two techniques 
could extract 30% - 60% correct relations when 
relation direction was not considered. The empirical 
evaluation results showed that the extracted 
networks generally failed to identify regulatory 
relations reported in the literature. However, more 
than 50% of extracted relations reflected the gene 
co-occurrence patterns in the literature, and a small 
set of relations appeared to domain scientists to be 
potentially correct and interesting.  
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