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Inferring gene regulatory networks from expression data is essential in identifying
complex regulatory relationships among genes and revealing the mechanism of certain
diseases. Various computation methods have been developed for inferring gene
regulatory networks. However, these methods focus on the local topology of the network
rather than on the global topology. From network optimisation standpoint, emphasising
the global topology of the network also reduces redundant regulatory relationships. In
this study, we propose a novel network inference algorithm using Random Walk with
Restart (RWRNET) that combines local and global topology relationships. The method
first captures the local topology through three elements of random walk and then
combines the local topology with the global topology by Random Walk with Restart.
The Markov Blanket discovery algorithm is then used to deal with isolated genes. The
proposed method is compared with several state-of-the-art methods on the basis of
six benchmark datasets. Experimental results demonstrated the effectiveness of the
proposed method.

Keywords: gene regulatory networks, random walk with restart, local topology, global topology, Markov Blanket
discovery algorithm

INTRODUCTION

Inferring accurate gene regulatory networks (GRNs) is an exciting but difficult topic in the
field of bioinformatics. Inferring accurate GRNs is not only helpful to understanding complex
regulatory relationships between genes in cells but also to understanding relationships between
genes and diseases (Lv and Bao, 2009; Altay and Emmert-Streib, 2010; Tang et al., 2015). With
the development of high-throughput technologies, huge gene expression data have been produced
from which researchers can infer GRNs (Maetschke et al., 2014; Liu, 2015).

Numerous network inference methods for inferring accurate GRNs have been developed.
These methods can be classified into two categories: model-based and similarity-based methods.
Model-based methods, which mainly include Boolean network model, differential equation model
and Bayesian network model, usually infer GRNs through a computational model. The Boolean
network model is a simple discrete model that contributes to understanding various states of cells,
such as proliferation, differentiation and apoptosis (Huang, 1999; Lim et al., 2016; Zhou et al., 2016).
However, the Boolean network model cannot be applied in networks with complex regulatory
relationships. The differential equation model is a continuous network model that can accurately
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describe the dynamic characteristics of GRNs. The expression
level of genes in differential equation is determined by related
genes and regulatory equations, thus allowing the underlying
phenomena of organisms to be accurately described (Alter et al.,
2000; Cantone et al., 2009; Honkela et al., 2010; Huppenkothen
et al, 2017). The Bayesian network model is a popular
graphical model of probability. In this model, the dependencies
between genes are described by a directed acyclic graph. The
Bayesian network model is superior to other models in terms
of dealing with noise and prior knowledge, but it has high
computational complexity (Tan et al., 2011; Betlifiski and Slezak,
2012; Shi et al., 2016).

Similarity-based  methods, which primarily include
correlation-based and information theory-based methods,
identify regulatory relationships by measuring the dependencies
between genes (Li et al., 2011). In correlation-based methods,
the dependencies are determined by the degree of co-expression.
Typical measurement methods include Pearson’s correlation
coeflicient, Euclidean distance and partial correlation coefficient
(de la Fuente et al., 2004; Saito et al., 2011; Fukushima, 2013;
Ruyssinck et al., 2014; Mohamed Salleh et al., 2015; Ghosh and
Barman, 2016). However, these measurement methods cannot
identify complex dependencies, such as non-linear dependencies
(Wang and Huang, 2014). Information theory-based methods
can capture complex non-linear regulatory relationships (Brunel
et al., 2010; Mousavian et al., 2016). Mutual information (MI)
is first used in information theory to measure the similarity
between signals and later used in the field of biology to measure
regulatory relationships between genes. Classical methods
include Relevance Network (RN), Minimum Redundancy
Network (MRNET), Path Consistency Algorithm based on
Conditional Mutual Information (PCA-CMI) and Redundancy
Reduction in the MRNET algorithm (RRMRNET). RN (Butte
and Kohane, 2000; Kuzmanovski et al., 2018) is one of the earliest
methods that used MI to measure relationships. MRNET (Meyer
et al., 2008) is a feature selection method. In MRNET, a feature
selection strategy is adopted in selecting regulatory relationships.
Although non-linear regulatory relationships can be measured
by MI, it cannot distinguish indirect regulatory relationships
(Margolin et al., 2006). To overcome this limitation, Zhang
et al. (2012) proposed PCA-CMI, in which MI is replaced by
conditional mutual information (CMI). However, CMI tends
to underestimate the relationship between genes, so Zhang
et al. (2015) proposed conditional mutual inclusive information
(CM1I2) to solve the problem of underestimation of CMI. To
improve accuracy, Liu et al. (2017) proposed RRMRNET on the
basis of MRNET, in which two strategies are implemented in
eliminating redundant regulatory relationships.

In addition, several machine learning-based methods, such
as tree-based ensemble regression and neural network-based
inference methods, have been applied in this field (Huynh-
Thu et al., 2010; Huynh-Thu and Sanguinetti, 2015; Petralia
et al,, 2015; Raza and Alam, 2016). Researchers have also
noticed that several regulatory relationships do not occur in
every cell. Thus, the GRN should be defined in specific cells
and situations (Moignard et al, 2015; Moris et al., 2016).
Therefore, network inference methods based on single-cell

expression data have attracted people’s interest, which has led
to the development of computational and statistical methods
that are aimed at discovering new insights into cell state
transitions (Bendall et al., 2014; Trapnell et al., 2014; Pina et al,,
2015; Rue and Martinez Arias, 2015). The use of single-cell
expression data to infer networks has many advantages. With
the development of single-cell technology, the amount of data
we can use will increase, which can effectively alleviate the
defects of high-dimensional and low-sample gene expression
data (Macosko et al., 2015). However, obtaining the time-series
data of single cells is currently impossible. Notably, these
methods infer the regulatory relationship based on the similarity
between the transcriptional states of genes and usually provide
strong assumptions, which are often unconvincing. However,
several methods can still be used for network reasoning
using single-cell expression data (Bendall et al., 2014; Trapnell
et al., 2014; Haghverdi et al, 2016; Moris et al., 2016;
Reid and Wernisch, 2016).

Although these aforementioned methods have extensively
promoted GRN research, they still have certain shortcomings.
For example, model-based methods wusually have high
computational complexity. Most similarity-based methods
consider relationships between only two and not all genes at a
time. Moreover, these methods usually focus on the surrounding
information rather than on the global topology of network,
thus resulting in numerous redundant regulatory relationships.
Therefore, the present study mainly concentrates on inferring
GRNs by combining local and global topologies.

Random Walk with Restart (RWR) is an improvement
of the Random Walk (RW). RWR is widely used in the
field of bioinformatics because it can capture multivariate
relationships between nodes and explores the global topology
of networks (Rosvall and Bergstrom, 2008; Athanasiadis
et al, 2017; Peng et al, 2018; Valdeolivas et al, 2019).
Chen et al. (2012) used RWR to determine associations
between diseases and miRNAs. Sun et al. (2014) verified
the robustness of RWR for parameter selection. Luo et al.
(2016) proposed a new computational approach, MBiRW,
that uses a combination of similarity measures and a double
random Walk (BiRW) algorithm to identify potential new
indications for a particular drug. Yu et al. (2017) provided a
comprehensive framework for predicting new HCC drugs based
on multi-source random walk.

To address the limitations in gene network inference, we
propose a novel network inference algorithm using RWR
(RWRNET). The restart probability, initial probability vector
and roaming network in RWR is first improved to apply
it in network inference. Second, the improved RWR is
used in inferring network structure. Finally, the Markov-
Blanket discovery algorithm IPC-MB is used to optimise the
network structure to obtain the final gene network. The main
contributions of this study are described as follows:

(1) We improve the three key elements of RWR. First, the
proposed method obtains the restart probability and
initial probability vector according to node connectivity
and functional modularity and then captures the local
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topology structure of the network. Second, a roaming
network construction method is proposed for reducing the
complexity of regulatory relationships among genes.

(2) We use a Markov-Blanket discovery algorithm (IPC-MB)
to deal with isolated genes in the network that are
generated by the RWR process.

(3) Extensive experiments are conducted to evaluate
the performance of RWRNET. Experimental results
confirmed that RWRNET is an effective network
inference method.

THEORY

In this section, we review the concepts of (conditional) mutual
information, RWR and Markov-Blanket that are related to the
proposed method.

(Conditional) Mutual Information
Mutual information is an information measurement in
information theory. MI can be regarded as the information
shared by two random variables or the reduction of uncertainty
due to a known random variable. The MI between random
variable X and Y is defined as follows:

p (%)

MI(X,Y) = ,y) log ——>27_ 1
R T

where p(x, y) is the joint distribution of X and Y; while p(X)
and p(Y) represent the marginal probability functions of X and
Y, respectively.

Conditional mutual information (CMI) is a variant of MI.
CMI represents the information shared between variable X and
variable Y under the influence of variable Z. The CMI between
variable X and variable Y is defined as follows:

>

xeX,yeY,zeZ

p(x,yl2)

CMI (X, Y|Z) = pxl2)p (yz)

P (x,y,2)log )

where p(x, y, z) is the joint distribution of X, Y and Z, p(x|z) is
the marginal distribution of variable X when variable Z occurs;
and p(x, y, z) is the joint distribution of X, Y under the influence
of variable Z .

Random Walk With Restart

Random Walk with Restart is an improvement of RW. RWR
contains a parameter o as the restart probability, and 1 — «
represents the probability of a walker moves from a node to an
adjacent node. The RWR of graph can be defined by assigning a
transition probability to each edge. In this way, a walker can jump
from one node to another, and the sequence of nodes visited by
the walker is called RWR. Let piy; (j) denote the probability that
walker locates at j-th node when it come to a stable state, then the
formula is:

Py = (1 —o) Wp, +ap, 3)

where W = [ajjInxN is the transition probability matrix, ajj is the
transition probability from the i-th node to the j-th node; and

po represents the initial probability vector of N x 1, in which the
i-th element is 1 and the others are zero. N is the number of
nodes in the graph.

Markov-Blanket

This section introduces Markov-Blanket (MB). In the complete
set U of random variables, for a given variable X € U and variable
set MB € U (X ¢ MB), the following exists:

XL{U — MB — {X}}|MB (4)

that is, if the variable X and the set {U-MB — {X}} are
independent of each other under MB, then the minimum variable
set MB that can meet the above conditions is called MB of X.

METHODS

In this study, we propose an effective network inference method
(i.e, RWRNET). To apply RWR in GRNs, we improve its
three key elements, namely, restart probability, initial probability
vector and roaming network. Then the RWR is used to infer
network structure. Finally, we use IPC-MB to optimise the
network structure. Figure 1 presents the flowchart of RWRNET.
Specific details are discussed in the following sections. At the
same time, we have uploaded the source code (MATLAB format)
to the Internet, and readers can view it by visiting the link'.

Improvements of RWR

This section mainly introduces specific improvements to the
three elements of RWR (i.e., restart probability, initial probability
vector and roaming network) when RWR is applied in GRNs.
First, the restart probability and initial probability vector are
determined according to node connectivity and functional
modularity to capture the network topology. Second, a roaming
network is constructed using the asymmetric MI ranking strategy
to reduce the complexity of regulatory relationships among
genes. Specific details are described as follows.

Calculation of Restart Probability

Different nodes in a network have different connectivity, which
reflects network topology structure to some extent. Laplacian
Eigenmaps is an effective way to obtain network topology,
because it can map high-dimensional data to low-dimensional
data and ensure their similarity to the original data as much as
possible. Applying discrete Laplacian Eigenmaps to the graph
network can obtain the Laplacian matrix L. And the pseudo
inverse L* of L is a valid kernel that can provides a similarity
measure between nodes. On the basis of LT, the average
commute time ACT (g;,gj) between gene g; and gene gj can be
then defined as

ACT(gi,g) = L (g1, g) + L (g, g) — 2L (gi. &) (5)

L=D"%(D—W)D: 6)

'https://github.com/Dam-1517/RWRNET

Frontiers in Genetics | www.frontiersin.org

September 2020 | Volume 11 | Article 591461


https://github.com/Dam-1517/RWRNET
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Liu et al.

Gene Regulatory Network Inference Algorithm

A B
A Calculation of Restart pro Sy
[AC of Restart pi
[ [
|
|
[l ——
|
|

imi/m 1m0 0

e
N =

Initial probability vector

The module
of target gene

Original input

Improvements of RWR

and others.

FIGURE 1 | Flowchart of RWRNET. This flowchart consists of four parts, namely, the original input stage, algorithm improvement stage, network inference stage and
network optimisation stage. (A) In the original input stage, the Ml matrix was obtained through gene microarrays data. (B) In the algorithm improvement stage, three
key elements of RWR were improved. The first was the restart probability, which was calculated by the pseudo inverse of the Laplacian matrix. Then, the initial
probability vector was improved next. Different genes have various initial probability vectors, depending on the functional module. In the figure, the centres of
modules are represented by orange nodes, modular genes are indicated by green nodes, and others are denoted by blue nodes. Finally, the roaming network. In this
paper, the network represented by the mutual information matrix was considered a fully connected network, and the roaming network was obtained by adjusting this
network. (C) In the network inference stage, RWR was executed to obtain a stationary distribution, and the gene regulatory network was inferred based on the
stationary distribution. (D) In the network optimisation stage, the MB for each isolated gene was discovered to establish a relationship between the isolated genes
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where W is the adjacency matrix of graph, which is MI matrix
n

in this paper; and D = diag(a;.) with dij = [D]; = ai. = 2 ayj;
j=1

ACT (g, gj) describes the average number of steps that particles
moves from g; to gj and then back to g; .

The average commute time increases when the number of
paths connecting the two points increases and when the length
of paths decreases. According to this idea, the average commute
frequency ACF(g;, gj) and restart probability a can be defined as
follows:

1 > 8i = g]
ACF(gi, gj) = (7)
(88 ACT(lg,',gj) » 8 F g
1
o= Z Z ACF(gi, gj) (8)

8i€GgieG

where G = {g1, £, - - - , gn} is the set of genes, and N denotes the
number of genes.

Construction of Initial Probability Vector

Gene regulatory networks is scale-free network in which only a
few genes have regulatory relationships with numerous genes.
These genes have substantial expression levels and form their
own modules according to different functions. Genes in the same
module are closely related not only to each other but also to
genes in other modules. In addition, although RWR can obtain
the global information of the network, taking only these genes as
starting nodes is insufficient. Therefore, the functional module

In this study, the sum of MI between one gene and another is
used to represent its expression level. The genes whose expression
level is higher than the average expression level are selected
as the centre of functional module. At the same time, due
to the influence of noise on gene expression data, genes with
low expression levels less than MEAN (EL) — STD(EL) are also
selected to fully consider the surrounding information. These
genes then put together to form a set C that includes not only the
genes with high expression levels but also genes with abnormally
low expression levels. The expression level EL and the set C are
defined as follows:

EL(g) = > MIg.g) ©)
&€{G—gi}
C = {glEL (g)) > MEAN (EL) or EL(g)}
{< MEAN(EL) — STD (EL) ,gi € G } (10)

where MEAN (EL) is the average expression level, and STD (EL)
represents the standard deviation.

Finally, for each gene g in the set C, the top logn genes
with the largest MI(g;, gj) are selected as the functional module
moduleg; . Based on these modules, the initial probability vector
po can be constructed according to the following strategy: for
each gene g in G, if g is an element of C, then the elements
of gij-corresponding and module-corresponding have a value
of non-zero, with their sum equals to 1. Otherwise, only g
-corresponding is 1, whereas the others are zero.

Construction of Roaming Network

of these genes is used as starting nodes to obtain sufficient Although GRN is sparse, the regulatory relationships
information in this paper. among genes are extremely complicated. Therefore,
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several classical methods have introduced redundant
regulatory relationships when inferring network structure.
To reduce the complexity of regulatory relationships
while maintaining the local topology, we propose a novel
method for constructing the roaming network. The basic
idea is to use the asymmetry of MI ranking to adjust
the relationships between genes, thereby weakening those
that are not closely related. The roaming network (i.e.,
transition probability matrix) W can be constructed using
the following formulas:

W(gi. &) = Rankgigj*MI(gi,gj) (11)
Rankg,g, =
1, if MI(gi, g) = My,
Rg.o.
1— 2, if MI(gi, g) < Ml and MI(gj, g) > MI;, ~ (12)

0.1, if MI(g;,gj) < Ml and MI(gj, gi) < MIgj

where Rankgg is the attenuation factor, which represents
the attenuation degree of regulatory relationships; Ry
is the MI ranking of g among the genes connected with
g - Milgi represents the average MI between gene g;
and others. As depicted by the formulas, the regulatory
relationship between ¢ and g is determined by Rgy
when MI(gi, g) < Ml and MI(gj, &) > Ml . The lower
the ranking, the higher the attenuation degree will be.
If MI(g,g) =Ml , the regulatory relationship between
g and g will not be weakened; if MI(g,g) < Ml and
MI(gj, &) < MI , the relationship between them will be
weakened by 0.1 times.

Gene Regulatory Network Inference
Based on RWR

This section covers network inference on RWR. Specific details
are discussed below.

The first stage involves initialisation of regulatory
relationships. In this stage, we obtain the MI matrix (MI;j)NxN
from the gene microarrays expression data that contain
N genes and M samples. This matrix is then taken as the
input of the method.

The second stage entails implementation of RWR. Given the
restart probability, normalised transition probability matrix and
appropriate initial probability vector, RWR can be performed on
the roaming network for each gene g to obtain the stationary
distribution piy; . Considering time efficiency and accuracy,

(s1)

when [pr1 — pi| < 107, pyy is stable, p,}] (gj) represents the
probability that g; finds gj .

The final stage concerns GRNs inference. In this stage,
stationary distribution is multiplied to transition probability to
obtain the final score MIP(&) (g):

MIP®) (g) = p &) (g)* W (gi. g) (13)

Based on the final score, GRNs can be inferred according to the
following formula:

NETWORK(g;, g) =

1, if MIP(&) (gj) > Threshold (g;) (14)
0, otherwise
Threshold (gi) = %TOL ZMIP(g") () (15)

g€G

where NETWORK(g;, gj) represents the regulatory relationship
between g and gj; Threshold(g;) is an adaptive threshold
for g . In this paper, the threshold of each gene is
automatically determined by its prediction results based on
the following reasons. The prediction results of each gene
were obtained by executing the RWR with different initial
probability vectors, and different amounts of information
were generated by each execution of RWR. Therefore, the
prediction results obtained from different genes cannot be
compared and cannot be processed with a fixed threshold.
To this end, Eq. 15 was designed to screen the regulatory
relationships for each gene. > Mip(s) (gj) was selected as the
major component of formula to simultaneously consider the
effect of the predicted relationship between all genes and the
target gene on the results. However, the regulatory relationship
cannot be screened out if only one major component is used.
Therefore, we added a factor of 3a/4, which represents the
information occupancy of the target gene. Equation 15 indicates
that only when the predictive relationship between a gene
and the target gene exceeds the total information that the
target gene holds can the real regulatory relationship between
them be considered.

Network Optimisation Based on IPC-MB
Given that each gene in GRNs has a unique role, no gene
should be isolated. However, RWR cannot handle isolated
nodes. Therefore, the isolated nodes are processed by a
Markov-Blanket discovery algorithm (IPC-MB) to optimise
the network structure. IPC-MB is a classical feature selection
algorithm (Fu and Desmarais, 2008). Its main idea is involves
eliminating redundant and irrelevant regulatory relationships
according to conditional independence to find genes that have
direct regulatory relationships with the target gene, CMI stands
for the conditional independence in this article. The basic idea is
look for a parent-child set (PC) and a spouse set. These sets are
then merged to obtain the Markov-Blanket (MB) of the target
gene. However, since the genes in the spouse set are actually
redundant, we will not use all of Markov-Blanket, but only use the
parent-child set (PC). Finally, on the basis of PC, the regulatory
relationships between isolated genes and genes in the PC are
established to obtain optimised GRNs.

To describe the proposed method comprehensively, Table 1
summarises the complete RWRNET. As shown in the table,
Lines 2-10 of the pseudo code are the improvements of RWR,
including calculating the restart probability, construction of a
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TABLE 1 | Gene Regulatory Network Inference Algorithm Using Random
Walk with Restart.

Algorithm: RWRNET

Input: Gene microarrays data G = {91, - -+ , gn}

Output: A gene regulatory network

1: Construct a Ml matrix M/ according to Eq. 1;

2: Calculate restart probability a using Eq. 8;

3: Construct transition probability matrix W using Eq. 11;

4: Calculate gene expression level EL (g;) for each gene using Eq. 9;

5: Select centres of functional module and put them into set C according to
Eqg. 10;

6: Construct functional modules:
moduleg, ={g1}, moduleg, ={g2}, ---, moduleg, = {gn};

7: For each gene g; € C do

8: Rank the genes g; in {G — g;} according to MI(g;, g;) in descending order to
form ranking list MIL;

9: moduleg, < the top logN genes in MIL;

10: End For

11: For each gene g; € G do

12: Construct initial probability vector pég’)
13:p%) = RWR(, W, pi);

14: Calculate final score MIP9) according to Eq. 13;
15: End For

16: Infer network using Eq. 14;

according to moduleg; ;

17: Process isolated genes based on IPC-MB;
18: Return the optimised gene regulatory network.

roaming network and search for functional modules to construct
the initial probability vector. In Lines 11-16, RWR was used to
infer the initial network structure. The 17th line was used in
IPC-MB to optimise the network structure.

EXPERIMENT

In this section, we introduce the datasets and evaluation
metrics used to evaluate RWRNET performance. In
the experiment, the performance of RWRNET was
compared with that of different methods, namely, CLR,
ARACNE, MRNET, MIDER, MI3, MRMSn, PCA-CMI,
and RRMRNET, based on information theory. Among
these methods, MI3 and MIDER can infer regulatory
directions. However, RWRNET does not infer regulatory
directions. Hence, we ignored the regulatory direction during
the comparisons.

Datasets

During the experiment, the proposed and other methods were
tested and compared in terms of six datasets. The test datasets
were divided into simulated and real data, which included the
reaction chain data, DREAM3 yeast gene expression data and
SOS data. The reaction chain data were downloaded from the
KEGG database’. The reaction chain data were time-series data.
The DREAM3 yeast gene expression data were downloaded from
the DREAM3 challenge project’. The DREAM3 challenge project
provided three types of data; the null-mutant gene knockout data
were selected in this article. The SOS data were downloaded from
E. coli database*. The SOS data were interference data, that is,
the measurement data obtained through a series of transcription
interference. Table 2 provides a summary of the details of the
above six datasets.

The reaction chain with four species datasets comes from a
small linear chain of chemical reactions (Samoilov, 1997). The
dataset contained four variables, each of which contained 100
samples. The real network of the reaction chain included of four
nodes and three edges.

The reaction chain with eight species datasets comes from a
small linear chain of chemical reactions (Samoilov et al., 2001).
The dataset contained eight variables, each of which contained
250 samples. The real network of the reaction chain included of
eight nodes and seven edges.

The Dream3-10 gene dataset is from a yeast network in
DREAM3 (Marbach et al., 2010). The dataset contained 10 genes,
each of which contained 10 samples. The corresponding real
network structure included of 10 nodes and 10 edges.

The Dream3-50 gene dataset is from a yeast network in
DREAM3 (Marbach et al., 2010). The dataset contained 50 genes,
each of which contained 50 samples. The corresponding real
network structure included 50 nodes and 50 edges.

The Dream3-100 gene dataset is also from a yeast
network in DREAM3 (Margolin et al, 2006). The dataset
contained 100 genes, each of which contained 100 samples.
The corresponding real network structure included 100
nodes and 166 edges.

The SOS dataset is from an SOS network (Ronen et al., 2002).
The dataset contained nine genes, each of which contained nine
samples. The corresponding real network structure included nine
nodes and 24 edges.

https://www.genome.jp/kegg/
*http://dreamchallenges.org/project-list/
*http://regulondb.ccg.unam.mx/index.jsp/

TABLE 2 | Descriptions of the datasets in our experiments.

Datasets Variables Samples Type Network nodes Network edges
Reaction chain with four species 4 100 Simulated 4 3
Reaction chain with eight species 8 250 Simulated 8 7
DREAM3-10 genes 10 10 Simulated 10 10
DREAMB3-50 genes 50 50 Simulated 50 77
DREAMB3-100 genes 100 100 Simulated 100 166

SOS 9 9 Real 9 24
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Evaluation Metrics

To verify the effectiveness of the proposed method, we used four
evaluation metrics: true positive rate (TPR), false positive rate
(FPR), positive predictive value (PPV) and accuracy rate (ACC).
TP, FP, TN and FN denote the number of true positives, false
positives, true negatives and false negatives, respectively. These
four evaluation metrics are calculated as follows:

TP

TPR= —— (16)
TP + FN
FP
FPR= — (17)
FP+ TN
TP
PPV=— (18)
TP + FP
TP + TN
ACC = i (19)
TP+ FP+ TN + FN
RESULTS

Results of the Chain Structure Network

To verify whether the proposed method has an effect on special
networks, such as chain structure network, we selected the
expression data of chain structure network with sizes of four and
eight as the test datasets.

First, we tested the proposed method on the chain structure
network with a size of four. Table 3 shows the performance of
RWRNET and other methods in this dataset. Like most methods,
RWRNET achieved perfect performance (PPV = 1, ACC = 1)
in this dataset.

To verify further the effectiveness of the proposed method,
we selected a chain structure network with a size of eight for
testing. Table 4 shows the performance of all methods. RWRNET,
CLR and ARACNE predicted six correct regulatory relationships
(TP = 6), only one missing regulatory relationship and one
redundant regulatory relationship (FP = 1). Compared with
the performance of the other methods, RWRNET predicted the
most regulatory relationships, and its FPR performance was
only worse than that of MIDER. However, MIDER achieved
FPR = 0 at the cost of TPR. Hence, our proposed method still

TABLE 3 | Comparison of the different methods’ performances in the reaction
chain with four species dataset.

P FP TPR FPR PPV AcC
CLR 3 0 1 0 1 1
ARACNE 3 0 1 0 1 1
MRNET 3 1 1 0.33 0.75 0.833
MI3 2 3 0.667 1 0.4 0.333
MIDER 3 0 1 0 1 1
MRMSn 3 0 1 0 1 1
RRMRNET 3 0 1 0 1 1
PCA-CMI 3 1 1 0.333 0.75 0.833
RWRNET 3 0 1 0 1 1

TABLE 4 | Comparison of the different methods’ performances in the reaction
chain with eight species dataset.

™ FP TPR FPR PPV ACC
CLR 6 1 0.857 0.048 0.857 0.929
ARACNE 6 1 0.857 0.048 0.857 0.929
MRNET 6 9 0.857 0.429 0.4 0.643
MI3 2 11 0.286 0.524 0.154 0.429
MIDER 5 0 0.714 0 1 0.929
MRMSn - - - - - -

RRMRNET 6 2 0.857 0.095 0.75 0.893
PCA-CMI 6 16 0.857 0.762 0.273 0.393
RWRNET 6 1 0.857 0.048 0.857 0.929

offered great advantages. To intuitively explain the advantages
of RWRNET, we show the network structure inferred by all
methods (Figure 2). The first network in the figure is the
true network structure, the second network is the network
structure inferred by RWRNET, and the other networks are
the network structures inferred by comparison method. The
figure shows that the network structure inferred by CLR,
RRMRNET, ARACNE, and MIDER was the closest to the true
network, whereas the results obtained by MRNET, PCA-CMI,
and MI3 contained considerable redundant control relationships.
RWRNET missed X1-X8 and incorrectly linked X8 to other
genes, similar to the other methods. Only MI3, MIDER and
PCA-CMI were able to predict X1-X8. However, MIDER missed
X3-X4 and X5-X6, MI3 and PCA-CMI introduced excessive
redundant regulatory relationships. In summary, the proposed
method showed excellent performance. Finally, by combining the
performance of RWRNET in these two datasets, we learned that
RWRNET is suitable for special networks.

Results of the DREAMS3 Challenge

Network

To demonstrate that the proposed method can be used to infer
GRNs from simulated dataset, we tested it in DREAM3. The
DREAM3 Challenge Network is a version of the DREAM project
that provides various gene expression datasets and corresponding
golden networks to evaluate the performance of the inferred
model. The gene expression dataset provided by DREAMS3 is a
simulation dataset. We used yeast gene expression data with a size
of 10, 50, and 100 as the test datasets.

First, we tested the proposed method in the yeast gene
expression dataset with a size of 10. A comparative analysis of
different methods is summarised in Table 5. RRMRNET had the
best performance (PPV =1, ACC = 1). MRMSn and PCA-CMI
identified nine correct regulatory relationships (TP = 9), whereas
RWRNET identified eight regulatory relationships only (TP = 8)
and introduced a redundant regulatory relationship (FP = 1). To
analyse visually the gap between RWRNET and other methods,
we showed the network structure they inferred (Figure 3). The
figure contains nine networks. The first network is a standard
network, and the one on the right of the standard network is
the network inferred by RWRNET. Like most other methods,
RWRNET missed G4-G9 and predicted G2-G9 incorrectly
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FIGURE 2 | Comparison of the different methods in the reaction chain with eight species dataset.
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TABLE 5 | Comparison of the different methods’ performances in the
Dream3-10 gene dataset.

™ FP TPR FPR PPV ACC
CLR 6 10 0.6 0.286 0.375 0.689
ARACNE 6 6 0.6 0.171 0.5 0.778
MRNET 6 12 0.6 0.343 0.333 0.644
MI3 8 6 0.8 0.171 0.571 0.822
MIDER - - - - - -
MRMSn 9 1 0.9 0.029 0.9 0.956
RRMRNET 10 0 1 0 1 1
PCA-CMI 9 1 0.9 0.029 0.9 0.956
RWRNET 8 1 0.8 0.029 0.889 0.933

probably because of noise in the data. Unfortunately, RWRNET
also missed G3-G5. Similar to RWRNET, the network structure
inferred by MI3 lost G3-G5 because MI3 cannot recognise the
triangle relationship between G1, G3, and G5. Similarly, the loss
of G3-G5 in our proposed method may have been caused by the
complex network structures between G1, G3 and G5. Although
RWRNET did not perform as well as the RRMRNET, MRMSn
and PCA-CM]I, it still performed well in terms of these four
metrics compared with CLR, ARACNE, MRNET, and MI3.

We then tested the performance of the proposed method in the
yeast gene expression dataset with a size of 50 (Table 6). The TPR
of the proposed method was 0.377, whereas that of the others was
between 0.052 and 0.494. RRMRNET was the only method that
performed better than RWRNET in terms of TPR. The FPR of
the proposed method was only 0.014, whereas the minimum FPR
of the other methods was 0.015. The proposed method clearly
identified correct regulatory relationships and avoided redundant

regulatory relationships (TP = 29, FP = 16). In addition, the
proposed method outperformed the other methods in all metrics,
especially with an ACC of 0.948. In summary, the proposed
method evidently performed better than the other methods.

Finally, we tested the performance of proposed method
in the yeast gene expression dataset with a size of 100
(Table 7). The performance of RWRNET was superior
to that of CLR, ARACNE, MRNET, MI3 and MIDER in
all metrics. Compared with RRMRNET and PCA-CMI,
RWRNET selected about 65 correct regulatory relationships
(TP = 65) and introduced 50 redundant regulatory relationships
(FP = 50). Although the TPR of RWRNET was not the highest
(TPR = 0.392), its FPR was only 0.01. To sum up, the proposed
method was considerably reduced the number of redundant
regulatory relationships. Therefore, our method achieved
the best performance in terms of PPV (PPV = 0.565) and
ACC (ACC =0.969).

In conclusion, RWRNET achieved a good performance
in the DREAM3 challenge network dataset. The proposed
method predicted as many correct regulatory relationships
as possible while introducing the least redundant regulatory
relationships. These features indicate that our method may
be more advantageous than the other methods in inferring
large-scale networks.

Results of SOS Network in E. coli

Finally, we tested the performance of our method in the SOS
network in E. coli. The SOS network is a signal pathway in
the SOS DNA repair system, which has been experimentally
confirmed and is often used to test the effectiveness of various
methods in real networks. For gene expression data, we chose
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FIGURE 3 | Comparison of the different methods in the Dream3-10 gene dataset.

to that of the other methods, except for PCA-CMI in terms of
ACC. In addition, the performance of the proposed method was
the best in terms of PPV. At the same time, RWRNET had the
best performance in terms of FPR, indicating that our method

interference data, which were obtained through a series of
transcription interference measurements.

The performance of all methods are analysed visually in
Table 8. The performance of the proposed method was superior
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TABLE 6 | Comparison of the different methods’ performances in the
Dream3-50 gene dataset.

TP FP TPR FPR PPV ACC
CLR 19 165 0.247 0.144 0.103 0.818
ARACNE 13 125 0.169 0.109 0.094 0.846
MRNET 21 215 0.273 0.187 0.089 0.779
MI3 21 68 0.273 0.059 0.236 0.899
MIDER 4 79 0.052 0.069 0.048 0.876
MRMSn 21 17 0.273 0.015 0.553 0.94
RRMRNET 38 56 0.494 0.049 0.404 0.922
PCA-CMI 25 19 0.325 0.017 0.568 0.942
RWRNET 29 16 0.377 0.014 0.644 0.948
TABLE 7 | Comparison of the different methods’ performances in the
Dream3-100 gene dataset.

TP FP TPR FPR PPV ACC
CLR 39 713 0.235 0.149 0.052 0.830
ARACNE 20 417 0.121 0.087 0.046 0.886
MRNET 49 984 0.295 0.206 0.047 0.778
MI3 27 165 0.163 0.035 0.141 0.939
MIDER 13 80 0.078 0.017 0.140 0.953
MRMSn - - - - - -
RRMRNET 92 238 0.554 0.05 0.28 0.937
PCA-CMI 70 64 0.422 0.013 0.522 0.968
RWRNET 65 50 0.392 0.01 0.565 0.969
TABLE 8 | Comparison of the different methods’ performances in
the SOS dataset.

TP FP TPR FPR PPV ACC
CLR 12 5 0.5 0.417 0.706 0.528
ARACNE 7 3 0.292 0.25 0.7 0.444
MRNET 17 6 0.708 0.5 0.739 0.639
MI3 9 5 0.375 0.417 0.643 0.444
MIDER - - - - - -
MRMSn 10 2 0.417 0.167 0.833 0.556
RRMRNET 10 2 0.417 0.167 0.833 0.556
PCA-CMI 19 3 0.92 0.25 0.84 0.778
RWRNET 15 1 0.625 0.083 0.938 0.722

introduced fewer redundant regulatory relationships than the
others. A real network usually has a complex network structure
and close regulatory relationships. Thus, inferring a real network
is difficult. However, compared with the other methods, the
proposed method performed well in the SOS network, especially
in identifying redundant regulatory relationships. This result
demonstrated that our method can effectively reduce network
complexity and thus it is suitable for inferring real networks.

DISCUSSION

In this article, we emphasised that combining local topology
with global topology can be used to improve the accuracy of
network inference. However, existing methods usually focus on

local topology rather than on global topology. Given that RWR
is a global search algorithm, we used it to obtain the global
topology of the network. To confirm that RWR can be better
applied to GRNs, we improved its three key elements. First, we
constructed restart probability and initial probability vector on
the basis of network characteristics and regulatory mechanisms
to obtain the local topology structure. Second, we adopted
the asymmetric ranking strategy in constructing the roaming
network to reduce the complexity of regulatory relationships.
Finally, we used IPC-MB to optimise the network structure.
Thus, the proposed method (RWRNET) could theoretically
infer accurate GRNS.

RWRNET was tested on simulated and real datasets. In
simulated datasets, the proposed method achieved excellent
performance. In the reaction chain with four species, the network
structure inferred by RWRNET was exactly the same as the true
network. In the reaction chain with eight species, the Dream3-50
gene dataset and the Dream3-100 gene dataset, RWRNET
accomplished superior performance. In the Dream3-50 gene
dataset, its PPV was 0.644 and ACC was 0.948, indicating that
the proposed method had a relatively good effect. These results
showed that combining local topology with global topology can
effectively improve the accuracy of network inference. In real
datasets, RWRNET also achieved satisfactory results. Under the
premise that RWRNET obtained enough regulatory relationships
(TP = 15), the redundant regulatory relationships it introduced
were the least (FP = 1) possibly because the processing of roaming
networks reduced the effects of complex regulatory relationships
on RWR. Interestingly, RWRNET performed unsatisfactorily
compared with the other network inference methods in the
Dream3-10 gene dataset and SOS dataset. Two possible reasons
can be offered: the complexity of network structure and the
amount of noise in the data. In the Dream3-10 gene network,
RWRNET missed G3-G5 because of the triangular relationship
between G1, G3, and G5 that increased the complexity of
the network structure. Moreover, the SOS network had a
lot of noise that negatively affected the performance of the
proposed method.

RWRNET was tested on networks of different sizes (i.e.,
different numbers of variables), containing 4, 8, 9, 10, 50,
and 100 genes. The experimental results show that RWRNET
achieved good performance on the six different scale networks.
As shown in Tables 3-8, except for networks of sizes 9 and
10, the performance of RWRNET showed an upward trend
with the increase in the number of genes (the number of
variables) in the network. Especially in networks with sizes
of 50 and 100, RWRNET achieved good results in terms of
the PPV and ACC metrics. Thus, combining global topology
with local topology can effectively improve the accuracy of
network inference.

The performance of RWRNET was also compared with
that of other gene network inference methods in terms of
different evaluation metrics. Results showed that RWRNET
performed better than the other methods for most datasets.
In the Dream3-10 Gene Network and SOS Network datasets,
RWRNET did not perform as well as PCA-CMI. Although the
performance of RWRNET in these datasets was not satisfactory,
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it nevertheless considerably reduced the number of redundant
regulatory relationships, indicating that the global topology
relationships of the network can also improve the performance
of network inference.

CONCLUSION

In this study, we proposed a novel network inference method
based on information theory and RWR. We improved
the three key elements of RWR to infer GRNs by using
the proposed method. Restart probability was calculated,
initial probability vector was constructed to adapt to
network characteristics and regulatory mechanisms as much
as possible to capture the network topology accurately.
Moreover, a roaming network construction algorithm based on
asymmetric ranking was proposed. This algorithm effectively
reduced the effects of complex regulatory relationships
on RWR. Finally, the local topology was combined with
the global topology through RWR to infer the network
structure. IPC-MB was used to deal with isolated nodes
and optimise the network structure. The proposed method
tested in standard network datasets, and its
performance was compared with that of eight state-of-the-art
methods based on information theory. Experimental results

was six

REFERENCES

Altay, G., and Emmert-Streib, F. (2010). Inferring the conservative causal core of
gene regulatory networks. BMC Syst. Biol. 4:132. doi: 10.1186/1752-0509-4-132

Alter, O., Brown, P. O., and Botstein, D. (2000). Singular value decomposition for
genome-wide expression data processing and modeling. Proc. Natl. Acad. Sci.
U.S.A. 97,10101-10106. doi: 10.1073/pnas.97.18.10101

Athanasiadis, E., Bourdakou, M., and Spyrou, G. (2017). D-Map: random walking
on gene network inference maps towards differential avenue discovery.
IEEE/ACM Trans. Comput. Biol. Bioinform. 14, 484-490. doi: 10.1109/TCBB.
2016.2535267

Bendall, S. C., Davis, K. L., Amir, E. A., Tadmor, M. D., Simonds, E. F., Chen,
T. J., et al. (2014). Single-cell trajectory detection uncovers progression and
regulatory coordination in human B cell development. Cell 157, 714-725.
doi: 10.1016/j.cell.2014.04.005

Betlifiski, P., and Slezak, D. (2012). “The problem of finding the sparsest bayesian
network for an input data set is NP-Hard,” in Proceedings of the Foundations of
Intelligent Systems, ISMIS 2012. Lecture Notes in Computer Science, eds L. Chen,
A. Felfernig, J. Liu, and Z. W. Ra$ (Heidelberg: Springer), 21-30.

Brunel, H., Gallardo-Chacon, J.J., Buil, A., Vallverdu, M., Soria, J]. M., Caminal, P.,
et al. (2010). MISS: a non-linear methodology based on mutual information
for genetic association studies in both population and sib-pairs analysis.
Bioinformatics 26, 1811-1818. doi: 10.1093/bioinformatics/btq273

Butte, A. J., and Kohane, I. S. (2000). Mutual information relevance networks:
functional genomic clustering using pairwise entropy measurements. Pac.
Symp. Biocomput. 2000, 418-429. doi: 10.1142/9789814447331_0040

Cantone, L., Marucci, L., Iorio, F., Ricci, M. A., Belcastro, V., Bansal, M., et al.
(2009). A yeast synthetic network for in vivo assessment of reverse-engineering
and modeling approaches. Cell 137, 172-181. doi: 10.1016/j.cell.2009.01.055

Chen, X,, Liu, M. X,, and Yan, G. Y. (2012). RWRMDA: predicting novel
human microRNA-disease associations. Mol. Biosyst. 8, 2792-2798. doi: 10.
1039/c2mb25180a

de la Fuente, A., Bing, N., Hoeschele, I., and Mendes, P. (2004). Discovery
of meaningful associations in genomic data using partial correlation
coefficients. Bioinformatics 20, 3565-3574. doi: 10.1093/bioinformatics/
bth445

confirmed that the proposed method can efficiently and
accurately infer GRNs.

DATA AVAILABILITY STATEMENT

All datasets presented in this study are included in the
article/supplementary material.

AUTHOR CONTRIBUTIONS

WL and XS implemented the experiments, analysed the result,
and wrote the manuscript. LP and LZ analysed the result. HL
and YJ provided the constructive discussions and revised the
manuscript. All authors read and approved the final manuscript.

FUNDING

This study was supported by the National Natural Science
Foundation of China (Grant No. 61902125), Natural Science
Foundation of Hunan Province (2019]JJ50187), and Scientific
Research Project of Hunan Education Department (Grant Nos.
18B209 and 19C1788).

Fu, S., and Desmarais, M. C. (2008). “Fast markov blanket discovery algorithm
via local learning within single pass,” in Advances in Artificial Intelligence.
Canadian AI 2008. Lecture Notes in Computer Science, Vol. 5032, ed. S. Bergler
(Berlin: Springer), 96-107.

Fukushima, A. (2013). DiffCorr: an R package to analyze and visualize differential
correlations in biological networks. Gene 518, 209-214. doi: 10.1016/j.gene.
2012.11.028

Ghosh, A., and Barman, S. (2016). Application of Euclidean distance measurement
and principal component analysis for gene identification. Gene 583, 112-120.
doi: 10.1016/j.gene.2016.02.015

Haghverdi, L., Bittner, M., Wolf, F. A., Buettner, F., and Theis, F. J. (2016).
Diffusion pseudotime robustly reconstructs lineage branching. Nat. Methods 13,
845-848. doi: 10.1038/nmeth.3971

Honkela, A., Girardot, C., Gustafson, E. H., Liu, Y. H., Furlong, E. E., Lawrence,
N. D, et al. (2010). Model-based method for transcription factor target
identification with limited data. Proc. Natl. Acad. Sci. U.S.A. 107, 7793-7798.
doi: 10.1073/pnas.0914285107

Huang, S. (1999). Gene expression profiling, genetic networks, and cellular states:
an integrating concept for tumorigenesis and drug discovery. . Mol. Med. 77,
469-480. doi: 10.1007/s001099900023

Huppenkothen, D., Heil, L. M., Hogg, D. W., and Mueller, A. (2017). Using
machine learning to explore the long-term evolution of GRS 1915+105. Month.
Not. R. Astronom. Soc. 466, 2364-2377. doi: 10.1093/mnras/stw3190

Huynh-Thu, V. A,, Irrthum, A., Wehenkel, L., and Geurts, P. (2010). Inferring
regulatory networks from expression data using tree-based methods. PLoS One
5:¢012776. doi: 10.1371/journal.pone.0012776

Huynh-Thu, V. A., and Sanguinetti, G. (2015). Combining tree-based and
dynamical systems for the inference of gene regulatory networks. Bioinformatics
31, 1614-1622. doi: 10.1093/bioinformatics/btu863

Kuzmanovski, V., Todorovski, L., and Dzeroski, S. (2018). Extensive evaluation
of the generalized relevance network approach to inferring gene regulatory
networks. Gigascience 7:giy118. doi: 10.1093/gigascience/giy118

Li, Z., Li, P.,, Krishnan, A., and Liu, J. (2011). Large-scale dynamic gene
regulatory network inference combining differential equation models with local
dynamic Bayesian network analysis. Bioinformatics 27, 2686-2691. doi: 10.
1093/bioinformatics/btr454

Frontiers in Genetics | www.frontiersin.org

September 2020 | Volume 11 | Article 591461


https://doi.org/10.1186/1752-0509-4-132
https://doi.org/10.1073/pnas.97.18.10101
https://doi.org/10.1109/TCBB.2016.2535267
https://doi.org/10.1109/TCBB.2016.2535267
https://doi.org/10.1016/j.cell.2014.04.005
https://doi.org/10.1093/bioinformatics/btq273
https://doi.org/10.1142/9789814447331_0040
https://doi.org/10.1016/j.cell.2009.01.055
https://doi.org/10.1039/c2mb25180a
https://doi.org/10.1039/c2mb25180a
https://doi.org/10.1093/bioinformatics/bth445
https://doi.org/10.1093/bioinformatics/bth445
https://doi.org/10.1016/j.gene.2012.11.028
https://doi.org/10.1016/j.gene.2012.11.028
https://doi.org/10.1016/j.gene.2016.02.015
https://doi.org/10.1038/nmeth.3971
https://doi.org/10.1073/pnas.0914285107
https://doi.org/10.1007/s001099900023
https://doi.org/10.1093/mnras/stw3190
https://doi.org/10.1371/journal.pone.0012776
https://doi.org/10.1093/bioinformatics/btu863
https://doi.org/10.1093/gigascience/giy118
https://doi.org/10.1093/bioinformatics/btr454
https://doi.org/10.1093/bioinformatics/btr454
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

Liu et al.

Gene Regulatory Network Inference Algorithm

Lim, C. Y., Wang, H., Woodhouse, S., Piterman, N., Wernisch, L., Fisher, J.,
et al. (2016). BTR: training asynchronous Boolean models using single-cell
expression data. BMC Bioinform. 17:355. doi: 10.1186/512859-016-1235-y

Liu, W., Zhu, W, Liao, B., Chen, H,, Ren, S., and Cai, L. (2017). Improving
gene regulatory network structure using redundancy reduction in the MRNET
algorithm. RSC Adv. 7, 23222-23233. doi: 10.1039/C7RA01557G

Liu, Z. P. (2015). Reverse engineering of genome-wide gene regulatory
networks from gene expression data. Curr. Genom. 16, 3-22. doi: 10.2174/
1389202915666141110210634

Luo, H., Wang, J.,, Li, M., Luo, J., Peng, X, Wu, F. X,, et al. (2016). Drug
repositioning based on comprehensive similarity measures and Bi-Random
walk algorithm. Bioinformatics 32, 2664-2671. doi: 10.1093/bioinformatics/
btw228

Lv, Y., and Bao, E. (2009). Apoptosis induced in chicken embryo fibroblasts in vitro
by a polyinosinic:polycytidylic acid copolymer. Toxicol. Vitro 23, 1360-1364.
doi: 10.1016/j.tiv.2009.06.026

Macosko, E. Z., Basu, A., Satija, R., Nemesh, J., Shekhar, K., Goldman, M., et al.
(2015). Highly parallel genome-wide expression profiling of individual cells
using nanoliter droplets. Cell 161, 1202-1214. doi: 10.1016/j.cell.2015.05.002

Maetschke, S. R., Madhamshettiwar, P. B., Davis, M. ., and Ragan, M. A. (2014).
Supervised, semi-supervised and unsupervised inference of gene regulatory
networks. Brief Bioinform. 15, 195-211. doi: 10.1093/bib/bbt034

Marbach, D., Prill, R. J., Schaffter, T., Mattiussi, C., Floreano, D., and Stolovitzky,
G. (2010). Revealing strengths and weaknesses of methods for gene network
inference. Proc. Natl. Acad. Sci. U.S.A. 107, 6286-6291. doi: 10.1073/pnas.
0913357107

Margolin, A. A., Wang, K., Lim, W. K., Kustagi, M., Nemenman, I., and Califano,
A. (2006). Reverse engineering cellular networks. Nat. Protoc. 1, 662-671.
doi: 10.1038/nprot.2006.106

Meyer, P. E., Lafitte, F., and Bontempi, G. (2008). minet: A R/Bioconductor package
for inferring large transcriptional networks using mutual information. BMC
Bioinform. 9:461. doi: 10.1186/1471-2105-9-461

Mohamed Salleh, F. H., Arif, S. M., Zainudin, S., and Firdaus-Raih, M. (2015).
Reconstructing gene regulatory networks from knock-out data using Gaussian
noise model and pearson correlation coefficient. Comput. Biol. Chem. 59(Pt B),
3-14. doi: 10.1016/j.compbiolchem.2015.04.012

Moignard, V., Woodhouse, S., Haghverdi, L., Lilly, A. J., Tanaka, Y., Wilkinson,
A.C, etal. (2015). Decoding the regulatory network of early blood development
from single-cell gene expression measurements. Nat. Biotechnol. 33, 269-276.
doi: 10.1038/nbt.3154

Moris, N., Pina, C., and Arias, A. M. (2016). Transition states and cell fate decisions
in epigenetic landscapes. Nat. Rev. Genet. 17,693-703. doi: 10.1038/nrg.2016.98

Mousavian, Z., Kavousi, K., and Masoudi-Nejad, A. (2016). Information theory in
systems biology. Part I: gene regulatory and metabolic networks. Semin. Cell
Dev. Biol. 51, 3-13. doi: 10.1016/j.semcdb.2015.12.007

Peng, J., Zhang, X., Hui, W., Lu, J., Li, Q.,, Liu, S., et al. (2018). Improving
the measurement of semantic similarity by combining geneontology and co-
functional network: a random walk based approach. BMC Syst. Biol. 12:18.
doi: 10.1186/s12918-018-0539-0

Petralia, F., Wang, P., Yang, J., and Tu, Z. (2015). Integrative random forest for
gene regulatory network inference. Bioinformatics 31, 1197-i205. doi: 10.1093/
bioinformatics/btv268

Pina, C., Teles, J., Fugazza, C., May, G., Wang, D., Guo, Y., et al. (2015). Single-cell
network analysis identifies DDIT3 as a nodal lineage regulator in hematopoiesis.
Cell Rep. 11, 1503-1510. doi: 10.1016/j.celrep.2015.05.016

Raza, K., and Alam, M. (2016). Recurrent neural network based hybrid model
for reconstructing gene regulatory network. Comput. Biol. Chem. 64, 322-334.
doi: 10.1016/j.compbiolchem.2016.08.002

Reid, J. E., and Wernisch, L. (2016). Pseudotime estimation: deconfounding single
cell time series. Bioinformatics 32, 2973-2980. doi: 10.1093/bioinformatics/
btw372

Ronen, M., Rosenberg, R., Shraiman, B. I, and Alon, U. (2002). Assigning numbers
to the arrows: parameterizing a gene regulation network by using accurate
expression kinetics. Proc. Natl. Acad. Sci. U.S.A. 99, 10555-10560. doi: 10.1073/
pnas.152046799

Rosvall, M., and Bergstrom, C. T. (2008). Maps of random walks on complex
networks reveal community structure. Proc. Natl. Acad. Sci. U.S.A. 105,
1118-1123. doi: 10.1073/pnas.0706851105

Rue, P., and Martinez Arias, A. (2015). Cell dynamics and gene expression control
in tissue homeostasis and development. Mol. Syst. Biol. 11:792. doi: 10.15252/
msb.20145549

Ruyssinck, J., Huynh-Thu, V. A, Geurts, P., Dhaene, T., Demeester, P., and Saeys,
Y. (2014). NIMEFI: gene regulatory network inference using multiple ensemble
feature importance algorithms. PLoS One 9:€92709. doi: 10.1371/journal.pone.
0092709

Saito, S., Hirokawa, T., and Horimoto, K. (2011). Discovery of chemical compound
groups with common structures by a network analysis approach (affinity
prediction method). J. Chem. Inf. Model. 51, 61-68. doi: 10.1021/ci100262s

Samoilov, M. (1997). Reconstruction and Functional Analysis of General
Chemical Reactions and Reaction Networks, Ph. D. thesis, Stanford University,
Stanford, CA.

Samoilov, M., Arkin, A., and Ross, J. (2001). On the deduction of chemical
reaction pathways from measurements of time series of concentrations. Chaos
11, 108-114. doi: 10.1063/1.1336499

Shi, M., Shen, W., Wang, H. Q., and Chong, Y. (2016). Adaptive modelling of
gene regulatory network using Bayesian information criterion-guided sparse
regression approach. IET Syst. Biol. 10, 252-259. doi: 10.1049/iet- syb.2016.0005

Sun, J., Shi, H., Wang, Z., Zhang, C,, Liu, L., Wang, L., et al. (2014). Inferring
novel IncRNA-disease associations based on a random walk model of a
IncRNA functional similarity network. Mol. Biosyst. 10, 2074-2081. doi: 10.
1039/c3mb70608g

Tan, M., Alshalalfa, M., Alhajj, R., and Polat, F. (2011). Influence of prior knowledge
in constraint-based learning of gene regulatory networks. IEEE/ACM Trans.
Comput. Biol. Bioinform. 8, 130-142. doi: 10.1109/TCBB.2009.58

Tang, W. W, Dietmann, S., Irie, N., Leitch, H. G., Floros, V. L, Bradshaw, C. R.,
et al. (2015). A unique gene regulatory network resets the human germline
epigenome for development. Cell 161, 1453-1467. doi: 10.1016/j.cell.2015.
04.053

Trapnell, C., Cacchiarelli, D., Grimsby, J., Pokharel, P., Li, S., Morse, M., et al.
(2014). The dynamics and regulators of cell fate decisions are revealed
by pseudotemporal ordering of single cells. Nat. Biotechnol. 32, 381-386.
doi: 10.1038/nbt.2859

Valdeolivas, A., Tichit, L, Navarro, C., Perrin, S., Odelin, G., Levy, N,
et al. (2019). Random walk with restart on multiplex and heterogeneous
biological networks. Bioinformatics 35, 497-505. doi: 10.1093/bioinformatics/
bty637

Wang, Y. X., and Huang, H. (2014). Review on statistical methods for gene network
reconstruction using expression data. J. Theor. Biol. 362, 53-61. doi: 10.1016/j.
jtbi.2014.03.040

Yu, L., Su, R, Wang, B., Zhang, L., Zou, Y., Zhang, J., et al. (2017). Prediction of
novel drugs for hepatocellular carcinoma based on multi-source random walk.
IEEE/ACM Trans. Comput. Biol. Bioinform. 14, 966-977. doi: 10.1109/TCBB.
2016.2550453

Zhang, X., Zhao, J., Hao, J. K., Zhao, X. M., and Chen, L. (2015). Conditional
mutual inclusive information enables accurate quantification of associations
in gene regulatory networks. Nucleic Acids Res. 43:e31. doi: 10.1093/nar/gku
1315

Zhang, X., Zhao, X. M., He, K,, Lu, L., Cao, Y., Liu, J., et al. (2012). Inferring gene
regulatory networks from gene expression data by path consistency algorithm
based on conditional mutual information. Bioinformatics 28, 98-104. doi: 10.
1093/bioinformatics/btr626

Zhou, J. X., Samal, A., d'Herouel, A. F.,, Price, N. D., and Huang, S. (2016). Relative
stability of network states in Boolean network models of gene regulation
in development. Biosystems 142-143, 15-24. doi: 10.1016/j.biosystems.2016.
03.002

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Copyright © 2020 Liu, Sun, Peng, Zhou, Lin and Jiang. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice. No
use, distribution or reproduction is permitted which does not comply with these terms.

Frontiers in Genetics | www.frontiersin.org

September 2020 | Volume 11 | Article 591461


https://doi.org/10.1186/s12859-016-1235-y
https://doi.org/10.1039/C7RA01557G
https://doi.org/10.2174/1389202915666141110210634
https://doi.org/10.2174/1389202915666141110210634
https://doi.org/10.1093/bioinformatics/btw228
https://doi.org/10.1093/bioinformatics/btw228
https://doi.org/10.1016/j.tiv.2009.06.026
https://doi.org/10.1016/j.cell.2015.05.002
https://doi.org/10.1093/bib/bbt034
https://doi.org/10.1073/pnas.0913357107
https://doi.org/10.1073/pnas.0913357107
https://doi.org/10.1038/nprot.2006.106
https://doi.org/10.1186/1471-2105-9-461
https://doi.org/10.1016/j.compbiolchem.2015.04.012
https://doi.org/10.1038/nbt.3154
https://doi.org/10.1038/nrg.2016.98
https://doi.org/10.1016/j.semcdb.2015.12.007
https://doi.org/10.1186/s12918-018-0539-0
https://doi.org/10.1093/bioinformatics/btv268
https://doi.org/10.1093/bioinformatics/btv268
https://doi.org/10.1016/j.celrep.2015.05.016
https://doi.org/10.1016/j.compbiolchem.2016.08.002
https://doi.org/10.1093/bioinformatics/btw372
https://doi.org/10.1093/bioinformatics/btw372
https://doi.org/10.1073/pnas.152046799
https://doi.org/10.1073/pnas.152046799
https://doi.org/10.1073/pnas.0706851105
https://doi.org/10.15252/msb.20145549
https://doi.org/10.15252/msb.20145549
https://doi.org/10.1371/journal.pone.0092709
https://doi.org/10.1371/journal.pone.0092709
https://doi.org/10.1021/ci100262s
https://doi.org/10.1063/1.1336499
https://doi.org/10.1049/iet-syb.2016.0005
https://doi.org/10.1039/c3mb70608g
https://doi.org/10.1039/c3mb70608g
https://doi.org/10.1109/TCBB.2009.58
https://doi.org/10.1016/j.cell.2015.04.053
https://doi.org/10.1016/j.cell.2015.04.053
https://doi.org/10.1038/nbt.2859
https://doi.org/10.1093/bioinformatics/bty637
https://doi.org/10.1093/bioinformatics/bty637
https://doi.org/10.1016/j.jtbi.2014.03.040
https://doi.org/10.1016/j.jtbi.2014.03.040
https://doi.org/10.1109/TCBB.2016.2550453
https://doi.org/10.1109/TCBB.2016.2550453
https://doi.org/10.1093/nar/gku1315
https://doi.org/10.1093/nar/gku1315
https://doi.org/10.1093/bioinformatics/btr626
https://doi.org/10.1093/bioinformatics/btr626
https://doi.org/10.1016/j.biosystems.2016.03.002
https://doi.org/10.1016/j.biosystems.2016.03.002
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/
https://www.frontiersin.org/journals/genetics#articles

	RWRNET: A Gene Regulatory Network Inference Algorithm Using Random Walk With Restart
	Introduction
	Theory
	(Conditional) Mutual Information
	Random Walk With Restart
	Markov–Blanket

	Methods
	Improvements of RWR
	Calculation of Restart Probability
	Construction of Initial Probability Vector
	Construction of Roaming Network

	Gene Regulatory Network Inference Based on RWR
	Network Optimisation Based on IPC-MB

	Experiment
	Datasets
	Evaluation Metrics

	Results
	Results of the Chain Structure Network
	Results of the DREAM3 Challenge Network
	Results of SOS Network in E. coli

	Discussion
	Conclusion
	Data Availability Statement
	Author Contributions
	Funding
	References


