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Abstract. In this paper, biological background of cells’ regulatory mechanisms 

as well as gene regulatory networks are described. The models applied to infer 

gene regulatory networks such as Boolean networks, dynamic Bayesian net-

works, graphical Gaussian models and the novel two-stage model based on in-

tegration of a priori biological knowledge are described. These inference mod-

els are applied on Arabidopsis thaliana time series gene expression data subset. 

To compare models inference capabilities, ROC and AUC value as validation 

criteria are used. Some further directions for inference of gene regulatory net-

works as well as microRNA-mediated networks and model development are 

given at the end of the paper. 
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1 Introduction 

Regulation of cells’ biological, biochemical, physiological and molecular processes is 

carried out by inherited information contained in the organisms’ genome. The numer-

ous components of biological systems such as DNA, RNA, proteins and metabolites 

mutually interact composing complex networks named as gene regulatory networks 

(GRNs). 

Genes, as fundamental physical and functional inheritance units of every living or-

ganism, can be coding or non-coding genes. The coding genes are templates for pro-

tein synthesis, while other genes might specify RNA templates as machines for pro-

duction of different types of RNAs. The process in which DNA is transcribed into 

mRNA and a protein is produced by translation represents the well-known central 

dogma in molecular biology. The first stage is transcription and in the second stage, 

mRNAs translate into a sequence of amino acids composing the proteins. When a 

protein is produced, the corresponding coding gene is expressed. The gene expression 

levels indicate the approximate number of produced RNA copies from corresponding 
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gene, which means that gene expression level corresponds to the amount of produced 

proteins. 

To obtain gene expression data experimentally of many genes in a sample, high-

throughput technologies such as DNA microarray, serial analysis of gene expression 

(SAGE), quantitative polymerase chain reaction (qPCR), as well as RNA-Sequencing 

(RNA-Seq) are used. Besides gene expression data, other data such as protein-DNA, 

protein-protein interaction data and microRNAs should be included in reverse engi-

neering of gene regulatory mechanisms. 

One of the most important protein regulatory functions is transcription regulation. 

Transcription factors (TFs) are proteins that bind to DNA sequences and regulate the 

DNAs transcription and thus gene expression level. TFs can have inhibitory or activa-

tor role of expression of the target genes [1]. 

In the last decade, several small noncoding RNAs such as microRNAs and siRNAs 

are disclosed [3]. The length of a nucleotide thread in microRNAs is about 18-25 

nucleotides [5]. MicroRNAs cause transcription cleavage or translation repression by 

connecting to their target mRNA [6] and they regulate expression level by more than 

30% of coding genes [2] [4]. Besides TFs, microRNAs mutually interact with more 

cis-regulatory elements making microRNAs important components in the gene regu-

lation. 

In order to reveal the TF binding sites (TFBSs) in genome for particular proteins 

and to reveal protein-DNA interactions, chromatin immunoprecipitation (ChIP) is 

used [8]. ChIP-chip technology uses ChIP with hybridization microarrays (chip) to 

identify the protein binding sides and their locations throughout the genome. In ChIP-

chip technology, short DNA sequences as probes are used [7]. Differently from ChIP-

chip technology, ChIP-Sequencing (ChIP-Seq) technology uses secondary sequencing 

of DNA instead of microarray [8]. By integration of abovementioned types of biolog-

ical data, the GRNs inference significantly can be improved [10]. 

There are several types of regulatory relationships between genes, TFs and mi-

croRNAs: TF regulates gene expression (TF-gene), TF regulates microRNA (TF-

microRNA), microRNA regulates TF (microRNA-TF), microRNA regulation on gene 

expression (microRNA-gene), gene-gene regulatory interactions (GRNs) and protein-

protein interactions (PPIs, TF-TF) [16]. 

Regarding GRNs models, there are two types of models: models based on mecha-

nistic (physical) level and influence-based models. The first approach uses protein-

DNA and protein-protein interactions data, while the second models infer GRNs from 

gene expression data [9]. The structure of GRNs is depicted by graphs consisted of 

genes, proteins, metabolites, their complexes and modules represented by nodes, and 

edges representing existing interactions among nodes [30]. 

To compare the inference capabilities of most commonly used models: Boolean 

networks, Dynamic Bayesian Networks, Graphical Gaussian models as well as the 

two-stage inference model based on integration of a priori knowledge, A. thaliana 

time series gene expression data are employed for GRNs inference. As validation 

criteria, ROC and AUC value are used. 

The rest of this paper is organized as follows. In Section 2, experimental time se-

ries gene expression data from A. thaliana and applied models for GRNs inference are 
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described. The following section depicts inferred GRNs and discussion about models 

used for inferring of GRNs. Finally, Section 4 provides concluding remarks and fur-

ther directions in the GRNs inference. 

2 Materials and Methods 

2.1 A. thaliana Gene Expression Data 

Arabidopsis thaliana is the first plant whose genome was completely sequenced. As 

input dataset, A. thaliana gene expression datasets with 30185 genes were employed. 

Gene expression data were obtained from 41 individuals and measured in four differ-

ent experimental conditions. These datasets contain 660 missing values. More infor-

mation about experimental conditions for these experimental datasets is provided in 

[31]. After preprocessing of experimental data, transformation and normalization was 

applied on gene expression data. To be suitable for GRNs inference, a subset of gene 

expression data was extracted. Based on available knowledge about genes involved in 

floral organ specification [32], the following 13 genes are selected: AP3, PI, AP1, 

UFO, FT, FUL, TFL1, AP2, EMF1, AG, WUS, LFY1 and SEP4. The names of se-

lected genes, their DAVID (Database for Annotation, Visualization and Integrated 

Discovery) names [33] and their TAIR (The Arabidopsis Information Resource) iden-

tifiers [34] are shown in Table 1. 

Table 1. A subset of 13 A. thaliana genes involved in floral organ specification. 

Genename DAVID gene name TAIR_ID 

AP3 Floral homeotic protein APETALA 3 AT3G54340 

PI Floral homeotic protein PISTILLATA AT5G20240 

AP1 Floral homeotic protein APETALA 1 AT1G69120 

UFO Protein UNUSUAL FLORAL ORGANS AT1G30950 

FT Protein FLOWERING LOCUS T AT1G65480 

FUL Agamous-like MADS-box protein AGL8 AT5G60910 

TFL1 Protein TERMINAL FLOWER 1 AT5G03840 

AP2 Floral homeotic protein APETALA 2 AT4G36920 

EMF1 AT5G11530 AT5G11530 

AG Floral homeotic protein AGAMOUS AT4G18960 

WUS Protein WUSCHEL AT2G17950 

LFY1 Protein LEAFY AT5G61850 

SEP4 Agamous-like MADS-box protein AGL3 AT2G03710 

2.2 Models for GRNs Inference  

The emergence of experimental technologies for studying cell regulatory mechanisms 

such as DNA microarrays, ChIP-chip and ChIP-Seq has provided large amounts of 

protein-protein, protein-DNA, gene expression and other -omics data. Because the 

experimental technologies cannot measure mutual influences among all genes from 
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one organism’s genome simultaneously, computational methods are applying to re-

verse engineer and uncover mutual gene relationships. In the past decade, several 

models for GRNs inference have been developed, which are based on the basic re-

verse engineering methods. 

Boolean networks 

One of the simplest models of GRNs is the model based on Boolean networks. The 

genes are represented by nodes and the edges representing the interactions among 

genes. In this model, gene expression levels are discretized and presented by two-state 

levels. The state of the genes that have expression levels above a certain threshold is 

1, otherwise 0. Boolean networks model simplify the structure and dynamics of gene 

regulation. Several extended models based on Boolean networks have been proposed. 

A REVerse Engineering ALgorithm (REVEAL) constructs a Boolean network of 

given expressed gene data by setting the in-degree value of genes [15]. This algorithm 

extracts minimal network structures by using the mutual information approach from 

the state transition tables of the Boolean network. REVEAL can be applied to gene 

expression data, discretized on multiple discretization levels. On the other hand, mul-

tiple discretization levels increase the number of possible state transitions. For greater 

in-degree value, it is necessary to perform parallel processing or to increase the effi-

ciency in space searching of all possible networks [15]. 

Bayesian networks 

Bayesian networks (BNs) are among the most effective models for GRNs inference. 

A Bayesian network is a special graph model defined as a triple (G, F, q), where G 

denotes the graph structure, F is a set of probability distributions and q is the set of 

parameters for F [12]. The graph structure G consists of a set of n nodes and a set of 

directed edges between them. The nodes correspond to the random variables and di-

rected edges show the conditional dependences between the random variables. Nodes 

and edges together create a directed acyclic graph (DAG). One directed graph is acy-

clic if there is no pathway that starts and ends at the same node. The joint probability 

distribution of all nodes is computed by multiplying of the local probability distribu-

tions. This kind of factorization of the joint probability distribution on multipliers 

provides its easier computation as a product of simpler conditional probability distri-

butions. 

The GRNs inference is accompanied by structure and parameter learning. The aim 

of structure learning is finding network structure that fits best the real regulatory in-

teractions. For a given network structure, the parameter learning includes estimation 

of the unknown model parameters for each gene. This learning is performed by de-

termining of the conditional dependencies between nodes in the network. However, in 

these networks, there is a super-exponential dependence of the number of all possible 

DAGs on the number of nodes n. Because the BNs inference is an NP-hard problem, 

BNs are the most suitable when applied to small networks consisted of tens to hun-

dred genes [26]. N. Friedman et al. in [14] had introduced a framework for discover-

ing of genes’ interactions based on microarray data employing BNs. 
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BNs can deal with incomplete and noisy data, as well with stochastic nature of 

gene expression data. The main disadvantages of Bayesian network learning are the 

bigger number of genes regarding to the number of conditions and incapability to 

capture time nature of gene regulation and feedback loops that exist in the real GRNs. 

These shortcomings make BNs unsuitable for GRNs inference from time series 

gene expression data, where dynamic features of gene regulation are included. There-

fore, to model time features, BNs are extended by introducing dynamic Bayesian 

networks (DBNs). For probabilistic inference of DBNs, standard methods used in 

BNs inference can be used, too. Nevertheless, in the case of large networks, DBNs 

learning comes to be too complex. The DBNs are effective for GRNs inference when 

they are combined with other types of biological data. An example of integration of 

gene expression data with a priori biologic knowledge is presented in [16]. 

The concentration of RNAs, proteins and other metabolites is time changeable. 

Therefore, in order to describe gene regulatory mechanisms, differential equations can 

be used, too [11]. Ordinary differential equations (ODEs) systems use continual gene 

expression data and can easily cover positive and negative feedback loops [9]. Beside 

ODEs, difference equations model for GRNs inference can be used, too. Unlike the 

differential equations models that deal with continuous variables, in the difference 

equations model the variables are discrete. Discretization of the gene expression data 

leads to information loss [11]. These equations are more suitable, when they are ap-

plied on time series gene expression data. 

Graphical Gaussian models (GGMs) 

Association networks can be applied for steady-state and time series gene expression 

data. Association networks are represented by undirected graph. To determine which 

genes are co-expressed and between which genes should be an edge, it is necessary to 

apply similarity metrics such as Pearson coefficient or mutual information, and addi-

tionally to set a threshold. 

Although the association networks do not determine the directions of the edges in 

the networks, they are suitable for inference of large GRNs because of their low com-

putational complexity. Graphical Gaussian models (GGMs) use partial correlation 

coefficients to determine the conditional dependencies between genes and can deter-

mine directed and undirected edges in the network [18]. GGMs can distinguish direct 

or indirect interactions between genes, unlike the correlation networks where the edg-

es present correlation between genes. 

The main disadvantage of the described classical GGMs is that they can be applied 

when the number of experimental conditions n is greater than the number of genes p. 

If p>n covariance matrix is not positive definite, its inverse matrix cannot be found. 

Therefore, an estimation of the covariance matrix is performed by shrinkage estima-

tors to obtain positive definite covariance matrix [18]. 

Novel two-stage model for GRNs inference using a priori knowledge 

The GRNs inference based on gene expression data is a very complex and difficult 

task. Beside inherent noise of these data, additionally the number of experi-
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ments/conditions is less than the number of considered genes. Such shortcomings lead 

to lower precision and accuracy of inferred GRNs. To increase the accuracy and pre-

cision, usage of other types of biological data and a priori knowledge is needed [20] 

[26] [27] [28]. 

Based on comparison of the inference capabilities in [24] [25], Ristevski and Los-

kovska in [29] have proposed a novel two-stage model for GRNs inference. They 

have chosen the GGMs in the first phase of the proposed model, because they are a 

good base for uncovering the hub genes. The GRNs structure G can be represented by 

an adjacency matrix. The adjacency matrix entries Gij can be either 1 or 0, which 

refers to the presence or absence of a directed edge between i-th and j-th node of the 

network G, respectively. As a result of the first stage of the proposed model, a matrix 

of a priori knowledge Gprior is obtained, whose elements are computed by: 
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where pcormax and pcormin are the minimal (set threshold) and maximal partial correla-

tion coefficient, respectively [29]. Obtained matrix of a priori knowledge Gprior, 

presents a basis for the second stage of the proposed model. 

To integrate the a priori knowledge obtained from first phase, the second phase de-

fines a function Gprior' as a measure of matching between the given network G and 

the obtained a priori knowledge Gprior [28]. In this stage, structure Bayesian learn-

ing is carried out using Markov chain - Monte Carlo (MCMC) simulations. 

3 Results and discussion 

Validation of inferred GRNs represents an assessment of the inferred network quality, 

matched to the available knowledge in so-called "gold standard" networks. To vali-

date inferred gene regulatory interactions using computational models, results ob-

tained from wet-lab biological experiments are required. As validation criteria, re-

ceiver operating characteristic (ROC) curve and area under the ROC curve (AUC) are 

used. 

As GRNs inference models, Boolean networks, DBNs, GGMs and the novel two-

stage model are used. For inference using Boolean networks, GGMs and DBNs, the 

following R packages were used: BoolNet [12], GeneNet [18] and G1DBN [22], re-

spectively. For network reconstruction and MCMC simulations in the second stage of 

the novel model and the plotting of the ROC curves, BNSL MATLAB toolbox [21] 

was used and to obtain a priori knowledge, GeneNet was employed. 

The ROC curves and their corresponding AUC values are shown in Fig. 1. The 

novel two-stage model shows the best inference capabilities (AUC=0.598), then fol-

lows inference using GGMs and DBNs, respectively, while AUC value for inference 

by Boolean networks was the lowest (AUC=0.487). 
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Fig. 1. ROC and AUC values comparison when different GRNs inference models are applied. 

Reconstructed networks when novel two-stage model is applied are shown in Fig. 

2 and Fig. 3. When the threshold is set on higher value 0.5 (Fig. 2), reconstructed 

network is sparser than when threshold is set on value 0.33 (Fig. 3). In the first case, 

the number of inferred interactions is 13, while in the second case, the inferred net-

work contains 19 edges. The following gene-gene interactions LFY1SEP4, 

EMF1PI, UFOAP2, FTEMF1, PIUFO and AP2AG appear in the second 

case, while in the first case when the threshold is set on 0.5, they miss. 

4 Conclusion and further work 

In this paper, several GRN inference models are applied on A. thaliana gene expres-

sion time series data: Boolean networks, GGMs, DBNs and the two-stage model in-

cluding a priori knowledge. As a result, GRNs are inferred and additionally, the in-

ference capabilities of these models are compared and validated. 

Although the two-stage inference model that integrates a priori knowledge has 

shown best inference capabilities compared to other models, the validation of the 

inferred networks has shown that there is a need of upgrading and updating of the 

"gold standard" networks with knowledge obtained from experimental -omics regula-

tory mechanisms. Beside gene expression data, the availability of various tran-

scriptomics, proteomics, interactomics and metabolomics data, makes the network 

inference to become more challenging task. 

By validation of the inferred networks, the main problem is the lack of “gold 

standard” networks to whose edges the presence/absence of inferred edges is con-

firmed. Inferred directed edges, which are not present in the available biological regu-

latory databases, are clues for further experimental research to confirm their presence 
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or absence in the real gene regulatory mechanisms. Furthermore, greater efforts 

should be made toward upgrading of existing regulatory databases with confirmed 

regulatory relationships between genes, microRNAs, TFs and the other components 

involved in the cell regulatory processes. 

 

 

Fig. 2. Inferred network using the novel two stage model when the threshold is set on 0.5. 

 

Fig. 3. Inferred network using the novel two stage model and the threshold is set on 0.333. 
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Different -omics data reveal different perspectives of regulatory networks. Integra-

tion of these data and using prior knowledge can discover a more reliable comprehen-

sion of the cell regulatory mechanisms. In order to significantly improve the accuracy 

of the inferred networks, there is still a need of development of models that can inte-

grate the available biological a priori knowledge and other data such as ChIP-chip, 

ChIP-Seq and microRNA data. 
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