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Abstract 
Exploring gene regulatory network is a key topic in molecular biology. In this paper, we present a new dynamic 
Bayesian network (DBN) framework embedded with structural expectation maximization (SEM) to model gene 
relationship. It is well-suited for analyzing the time-series data and can deal with cyclical structures that can not 
be tackled by static Bayesian network. We applied the new method to learning the regulatory network and the 
metabolic pathway from Saccharomyces Cerevisiae cell cycle gene expression data. The results show that the 
proposed method is capable of handling missing values in expression data sets, and the inference accuracy can 
further be improved. 
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1. Introduction 
The establishment of gene regulatory network is critical to the understanding of the genetic regulation process. 
This problem has become an important challenge in recent years. The invention of microarray technology is 
viewed as a milestone, which helps scientist measure expression levels of thousands of genes simultaneously.  

Several methods have been presented so far to learn gene network from microarray data, such as Boolean 
networks [2, 3], differential equations [4, 5], and Bayesian networks [6-8]. Among all of them, Bayesian network 
based approach has received a lot of attention because of the probabilistic nature of this model. It can be used to 
learn causal relationship and particularly, combine it with prior knowledge readily. However, there exist a lot of 
shortcomings for the static version of Bayesian network. First, it is unable to capture the temporal information. 
Second, it is impossible to model cyclic network, which is often considered to be an accurate description of real 
gene regulation mechanism. 

In this paper, we employ dynamic Bayesian network (DBN) [1, 9,10], instead of its earlier static version, to 
model a gene network with cyclic regulation. In general, the DBN is well-suited for characterizing time-series 
gene expression data. Owing to the limitation of experimental condition, there are many missing values in the 
gene expression data sets, which usually have an impact on the inference accuracy. To address this problem, we 
propose a new DBN model embedded with structural expectation maximization (SEM) which is capable of 
efficiently dealing with missing data. Although there have been some literatures that involve the application of 
the SEM to learning Bayesian network, it is for the first time to introduce the SEM to learn the structure and 
parameters in the framework of the DBN. Using the gene expression data of Saccharomyces Cerevisiae, we 
carried out two different experiments, and both of them showed our new model had better performance than the 
previous work. We believe that the incorporation of prior knowledge efficiently improved the inference accuracy. 

This paper is organized as follows. In section 2, we present a DBM model with SEM to reconstruct the gene 



network. Section 3 implements our new method based on the gene expression data of Saccharomyces Cerevisiae. 
The comparative study of our results with the previous work is done. In section 4, we draw conclusions and 
suggest some future research topics of interest. 
 

2.  Method 
As a graphic model, Bayesian network is defined by two parts. One is a graphic structure S , which is a directed 
acyclic graph (DAG) consisting of nodes and directed acyclic edges. The other is a parameter vectorΘ  
comprising a set of conditional probability distributions. Given the parent iPa  of one node iX , this node is 

conditionally independent of its non-descendants in Bayesian network. Under the Markov assumption, the joint 
probability distribution of network can be written as: 
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Classical Bayesian network is unable to handle the cyclic edges [12]. Murphy and Mian [9] first employed 
dynamic Bayesian network (DBN) to build such a gene expression model with cyclic edge, as shown in Fig.1. 
Apparently, the DBN is able to avoid the ambiguity of the edge directions [14].  

 
 
Fig.1. Example of a cyclic network. Bayesian network cannot handle the network (left) that contains a 
cycle 1 2 4 1X X X X→ → → . But the DBN can build a cyclic structure by dividing states of a gene into different 
time slices (right). 
 

In this case, the joint probability of network can be rewritten below [1]: 
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where 1( ,..., )T
i i ipX X X=  is a state vector of the pth gene at time i , and 
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where 1,i jP−  denotes the state vector of the parent gene of the j th gene at time 1i − .  

The following two assumptions [13] are regarded to be a basis of our transition from static Bayesian networks 
to the DBN: (1) the genetic regulation process is Markovian; (2) The dynamic casual relationships among genes 
are invariable over all time slices. Therefore we will search for the DBN that has the highest score. Here we give 
a new score based on the minimum description length. 
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In the previous works [1, 12], the dataset collected was assumed to be complete. But when the dataset has 
missing values, we cannot compute the marginal likelihood in closed form. The expectation-maximization (EM) 



algorithm is a commonly-used method to cope with missing data. In this article, we use the structural EM (SEM) 
[15] to learn the network from partially observable gene expression data. The concept is similar to that of the 
complete data problem, except that the score of the network is found using the expected sufficient statistics from 
the EM algorithm. 

The EM algorithm has two steps. The E step assigns some random values to parameterΘ , and then the 
expected sufficient statistics for missing values are computed as: 
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In the M step, the expected sufficient statistics are considered to be real sufficient statistics from a complete 
dataset 'D . The next step is to estimate the value of Θ  that maximizes the marginal likelihood '( | , )P D SΘ , 
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In the structural EM, 
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The resulting algorithm is shown in Fig. 2 

 
Fig. 2. Pseudo-code for structural EM 

 

3.  Experimental Results 

When the DBN is exploited to analyze the time-series expression data, there are at least two situations [10]. First, 
one might have some prior knowledge of the regulatory network learned, such as the identification of 
transcription factor (TF). If we can identify the TFs, the prior knowledge can be used to reduce the search space. 
Second, we have no prior knowledge of the network and then need to reconstruct regulatory networks by 
considering all possible gene-pair relationships. In this paper, both the experiments were done.  

In experiment 1, three TFs provided by Li et al. [12] were treated as the prior knowledge and the regulatory 
network was learned by our DBN model with SEM. After that, we compared the learned regulatory network with 

Choose an initial graphic structure S   
While not converged 
    For each 'S  in neighborhood of S  
      Compute (8) using Bayesian inference algorithm [E step] 
      Compute Score 'S  
    End for 

'
* ': arg max

S
S scoreS=   

If *( ) ( )score S score S> , then improve parameters of *S  using EM 

*S S=  [Structural M step] 
Else  

converged: =true 
End while 



the published work presented in [1]. In experiment 2, we had no any prior knowledge and learn the metabolic 
pathway proposed by DeRisi et al. [17].  

The experiments described below were carried out with Matlab’s Murphy’s Bayesian Network Toolbox (BNT) 
[9]. We implemented our new DBN with SEM algorithm based on the framework of BNT. 

3.1  Experiment 1 
In order to compare our model with [1], we applied our approach to the Saccharomyces Cerevisiae cell cycle 

gene expression data that were also adopted by [1]. All these data were originally derived from the work given 
by Spellman [11], which was processed by four different methods: cdc15, cdc28, alpha-factor, and elutriation. 
The target network comes from the KEGG.  

In Li’s work [12], 11 genes were believed to be yeast TFs (SWI4, SWI6, STB1, MBP1, SKN7, NDD1, FKH1, 
FKH2, MCM1, SWI5, ACE2), and one cyclin gene (CLN3) were known to activate cell-cycle dependent genes. 
In our data set, there are 3 TFs, i.e., SWI4, SWI6, and MBP1. 

We used circle to represent the correct estimation in Fig.3. Meanwhile, the Christ-cross meant the wrong 
estimation, and the triangle indicated either a misdirected edge or an edge skipping at most one node. The results 
are summarized in Table 1 for the accuracy analysis. In Table 1, the DBN-[1] represents the learned network 
based on [1] and the DBN-SEM-priors indicate our results obtained here. Note that when we calculate the 
specificity and sensitivity, the total number of pathways in the target network is 19. 

Apparently, the number of the correctly identified edges increased from 4 in the DBN-[1] to 8 in the 
DBN-SEM- priors. The specificity and sensitivity calculated in the DBN-SEM-priors are both better than those 
from the DBN-[1].The results showed that the DBN model with SEM when adding prior knowledge had better 
performance in reconstructing the regulatory network from time-series data than that achieved in [1].  

   

                     (a)                                                 (b)                

 
                                            (c) 



Fig.3. Regulatory network. (a) The correct pathways picked from the KEGG, (b) the result from [1], and (c) our 
result obtained in experiment 1 when added prior knowledge. 

Table 1. Comparison of results achieved by our experiment 1 with that in [1] 

 DBN-[1] DBN-SEM-priors 
correct estimation 4 8 
wrong estimation 2 5 
misdirected and skipping 8 3 
specificity 26.7% 50.0% 
sensitivity 21.1% 42.1% 

 
3.2  Experiment 2 

This experiment is to reconstruct the metabolic pathway of DeRisi et al. (1997). We chose the data set 
containing 12 genes and the result is shown in Fig.4. The symbols in the figure have the same interpretation as 
that in Fig.3. The accuracy analysis of experiment 2 is listed in Table 2, where the DBN-SEM-meta indicates our 
results and the DBN-[1]-Meta means ones that were reported in [1].  

It is readily observed from these results that the incorporation of prior knowledge is capable of improving the 
inference accuracy and further reducing the computational cost. It can be concluded that the DBN-SEM model, 
either with priors or not, performs better than the results obtained in the DBN-[1]. 

The results from our analysis of yeast cell cycle expression data demonstrated that our method is capable of 
identifying gene–gene relationships, which can take advantage of the dynamic characteristic of the DBN model 
to tackle the cyclic structure, and efficiently handle missing data using the SEM algorithm. In particular, the 
DBN model embedded with SEM can fully combine prior knowledge in order to improve the performance.  

 
                   (a)                                    (b) 

 

                                       (c) 
Fig.4. Metabolic pathway. (a) Target pathway [22], (b) the result of the Kim et.al. [1], and (c) the result of our 
method obtained in experiment 2. 

 



Table 2. Comparison of results achieved by our experiment 2 with that in [1]. 

 DBN-[1]-meta DBN-SEM-meta 
correct estimation 6 6 
wrong estimation 2 1 
misdirected and skipping  3 4 
specificity 54.5% 54.5% 
sensitivity 42.9% 42.9% 

 

4.  Conclusions 

In this paper we proposed a new model based on the framework of dynamic Bayesian network (DBN) in order to 
reconstruct the genetic regulatory network .To deal with partial observations of gene expression data, we first 
added the SEM algorithm to the DBN model. We validated the effectiveness of our method using two 
experiments. One is based on the real time series microarray data of S. cerevisiae cell cycle to find the gene 
relationships and the other is to predict the metabolic pathway. Compared with the results yielded in [1], the 
prediction accuracy of our method outperformed the previous work.  

In general, either Bayesian network or dynamic Bayesian network can make use of the prior information when 
conducting inference. In experiment 1, we first identified transcriptional factors (TFs) before learning network 
and the TFs were then regarded as prior information good for the learning process. This helped reduce the search 
space and efficiently improved the result. 

There are several research lines for the future work. First, our method is strongly dependent on the quality of 
the microarray data. The discretization of data may lead to losing useful information and the data noise also has 
an impact on the result. We are attempting to develop our method to directly cope with continuous expression 
levels. Second, regulatory network of cell depends on not only the transcriptional regulation but also the 
post-transcriptional and external signaling events. Learning the genetic regulatory interactions only from 
expression data is unable to discover the global scene of the genetic regulatory pathways. In the future, one of 
our goals is to employ the framework reported here to deal with multiple data sources, such as protein-protein 
interaction, gene annotation, and promoter sequence. How to jointly incorporate all these additional data sources 
as prior knowledge may be worth trying. Finally, our method can be used for either gene network modeling or 
many other problems of computational biology. The framework is a good platform to investigate biological 
process.  
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