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Abstract. The purpose of gene regulatory network construction is to deduce the potential relationship 

between genes in gene expression data. In this paper, the algorithm CMICRAT is used to construct 
the gene-directed undirected graphs based on the mutual information and Conditional mutual 

information by the gene expression data, and then use the CRAE to determine the direction of the 
undirected graph. The experimental results show that the proposed algorithm can improve the 

accuracy of constructing the gene regulation network by experimentally validating the gene 
expression data of DREAM4 gene expression data in international biological competition.  

1. Introduction 

The construction of gene regulatory network, also known as reverse engineering [1] of gene 

regulatory network, aims to infer the potential relationship between genes in gene expression data. 
Gene regulatory networks can help people understanding the mechanism of gene regulation in the 

cell and revealing the mystery of life. The understanding of the relationship between gene regulations 
is initially based on biological experiments [2] to verify the interaction between genes, but this 

approach is costly, slow progress in research, becoming a bottleneck restricting the development of 
biological systems. With the development of biotechnology, such as gene chip microarray, the high-

through put data provide us with an opportunity to understand the potential regulatory relationships 
of biological genes. The application of machine learning and data mining to the construction of gene 

regulatory networks has become one of the hotspots in bioinformatics. 

2. Related Work 

Bayesian network model [3] and the mutual information association model [4] are commonly used 
to construct the gene regulation network. The static Bayesian network model is introducing the joint 

probability distribution to construct the directed acyclic graph. Margolin  [5] Using MI (Mutual 
Information) to calculate the mutual information between the two genes to measure the degree of 

association between genes in order to build a gene regulatory network. Sales [6] using mutual 
information to construct a gene regulatory network. But not suitable for measuring a gene at the same 

time by a number of gene regulation of the situation. Conditional Mutual Information (CMI) method 
was applied to Bayesian network construction and the non-linear dependence of genes was deduced 

in this paper [7]. 
In the process of gene regulation network construction, not only need to find a control relationship 

with the gene pairs, but also need to determine the direction of regulation between genes. This paper 
presents the algorithm CMICRAT to construct a gene regulatory network for gene expression data. 

Firstly, the non-directional network is constructed based on the mutual information and the 
conditional mutual information [7], and then the relative entropy of the condition is used to determine 

the direction of the edge of the undirected network. 
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3. Background 

3.1 Conditional mutual information 

Definition 1. For two random variables X and Y, the mutual information I (X, Y) was defined as: 

I(X, Y) = H(X) + H(Y) − H(X, Y)                                                                                                 (1) 
Where H (X) and H (Y) represent the entropy of the random variables X and Y respectively; H (X, 

Y) represents the joint entropy of the variable X and the variable Y. 

I(X, Y) = H(X) + H(Y) − H(X, Y)                                                                                                  (2) 

H(X, Y) = − ∑ p(x, y)log
p(x,y)

p(x)p(y) x∈X,y∈Y                                                                                         (3) 

Where: p (x) represents the probability that the variable X takes x; p(x, y) represents the joint 
distribution probability of the variable X and variable Y. 

The conditional mutual information [5] of the variable X and the variable Y under the variable Z 

condition I(X, Y|Z) is recorded as 

I(X, Y|Z) = ∑ p(x, y, z)log
p(x, y|z)

p(x|z)p(y|z)
  x∈X,y∈Y,z∈Z                                                                           (4) 

Where p(x, y, z)  represents the joint probability distribution of variables X, Y and Z;  p(x|z) 

represents the conditional probability that the variable x holds under the condition that the variable z 

is established; p(x, y|z) represents the conditional probability that the variable x and the variable y 
are established under the condition that the variable z is satisfied. 

3.2 Conditions Relative Average Entropy 

Definition 2. For the random variable X and Y, its CRAE [8] is defined as: 

CRAE(X → Y) =
H(Y|X)

H(Y)∙|Y|
                                                                                                               (5) 

Where H(Y | X) represents the entropy of the variable Y under the condition of the given variable 

X. H (Y) represents the entropy of the variable Y; H (Y | X) represents the entropy of the variable Y 
under the condition of the given variable X 

4. CMICRAT Algorithm 

The algorithm CMICRAT mainly consists of two processes: first, the conditional mutual 

information is used to generate the unstructured control network, and then the direction of regulation 
of the gene pair is determined according to CRAE. 

4.1 Generating an undirected gene regulatory network 

Building an inbound control network consists of the following three steps [7]: 

Input the gene expression data A, set the parameter θ to determine the independence, and generate 
the complete graph G according to the number of genes, k = -1. 

Let k = k + 1: For a nonzero   G(i, j) ≠ 0, the genes associated with genes i and j are selected from 
the network. Calculate the number of these genes, recorded as m. 

If m <k, the algorithm ends. If m ≥ k, L genes are selected from the m genes as the conditional 

genes, and they are K = [𝑘1, ⋯ , 𝑘𝑙]. Where K has a total of 𝐶𝑚
𝑘  species. Then we calculate the 𝐶𝑚

𝑘  L-

order condition mutual information  I(i, j|K)  and take their maximum value as I𝑚𝑎𝑥(𝑖, 𝑗|𝐾) .  

I𝑚𝑎𝑥(𝑖, 𝑗|𝐾) < θ, G(i, j) = 0. Return (2) 
4.2 Edge-oriented 

Data discretization 
Definition 3. The standard fraction 𝜎𝑥,𝑗 of the gene X at the time point 𝑡𝑗 is defined as [9]: 

𝜎𝑥,𝑗 =
|𝑥𝑗−𝜇|

𝜎
                                                                                                                                  (6) 

Where 𝜇 represents the mean value of the gene expression for the total time of the gene X, 𝜎 is the 

standard deviation, and 𝑥𝑗represents the expression value of the gene X at the time 𝑡𝑗. Given the 

threshold k, if 𝜎𝑥,𝑗 ≥ 𝑘, then the gene X is expressed at time 𝑡𝑗, denoted as 1; otherwise the gene is 

not expressed, 

Edge-oriented 
The undirected network is determined by the CRAE. 
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For the two nodes X and Y in any edge of the network, if  the CRAE(X → Y) > CRAE(Y → X), 

then the existence of the node X and the node Y between the existence of X → Y; if CRAE(X → Y) ≥
≤ CRAE(Y → X), then the node X and the node Y are considered to be Y → X. 

5. Experimental Results 

Data were generated using gene generator software GeneNetWeaver [10], which was used by the 
international competition for DREAM4, to generate gene data. In order to evaluate the performance 

of the algorithm CMICRAT, 10 genes of simulated gene data and standard network structure were 
generated. 

The generated gene regulatory network is evaluated by the precision measure to measure the 
performance of the algorithm [11]. 

Precision =
TP

TP+FP
                                                                                                                        (6) 

Where TP represents the number of correct edges, the FP represents the number of false edges and 

FN represents the number of edges that exist in the real network but are not generated by the algorithm. 
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Fig. 1 Standard networks and generated networks 

 

The left graph shows the standard structure of the network, which has 10 edges of 10 genes; the 
right graph shows the network structure generated by the CMICRAT algorithm. 

Compared with the standard network of the nodes, the number of correct edges is 9, the number 
of redundant edges is 1, and the unbiased edge is 1, and the relative entropy is 10 orientations. 

Indicating that only one side of the wrong direction. 

6. Conclusion 

In this paper, we use the mutual information to eliminate the redundant edges and construct the 
undirected graphs of gene control networks. Compared with the use of mutual information as a 

measure, the accuracy rate is higher. The conditional relative mean entropy is used to determine the 
direction of gene regulation in the network and construct the final gene regulation network. 

Experiments show that the CMICRAT algorithm is used to construct the topology of the gene 
regulation network, which has high accuracy. 
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