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The inference of Gene Regulatory Networks (GRNs) is a very challenging problem 
which has attracted increasing attention since the development of high-throughput 
sequencing and gene expression measurement technologies. Many models and algo-
rithms have been developed to identify GRNs using mainly gene expression profile 
as data source. As the gene expression data usually has limited number of samples 
and inherent noise, the integration of gene expression with several other sources of 
information can be vital for accurately inferring GRNs. For instance, some prior 
information about the overall topological structure of the GRN can guide inference
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Systems Biology is an interdisciplinary research field that aims at the study of 
complex interactions occurring in living organisms (Snoep & Westerhoff, 2005). 
Research in this field focuses on the study of biological processes such as cell cycles 
and the conditions for the origin of certain diseases. The ultimate goal of these stud-
ies is to help the development of new treatments and drugs against diseases, biofuel 
production techniques, among many other applications.

The genome of an organism has a central role in the control of cell processes 
such as cell response to environmental stimuli, cell differentiation in its respective 
functional groups, DNA replication for cell division, and many others. An organism 
can be seen as a network of molecules connected by biochemical reactions (Voet, 
Voet & Pratt, 2005). Proteins synthesized from genes may work as transcription fac-
tors which bind to regulatory sites of other genes, such as enzymes which catalyze 
metabolic reactions or components of signal transduction pathways. Such regulatory 
mechanism forms a complex system of sending and receiving signals (RNAs) which 
can be investigated to identify the control mechanisms of the cell and the relationships 
among various biological entities like genes, RNAs and proteins. However, there is 
still much to be discovered about the functional relationships of control mechanisms, 
e.g., transcription levels and proteins, in the regulatory system (Barabasi,2002; Fall, 
Marland, Wagner & Tyson, 2002; Shmulevich & Dougherty, 2007).

With few exceptions, all cells of an organism contain the same genetic mate-
rial, although cells of different tissues are functionally different. The cell function 
is partially determined and controlled by gene expression profiles. With the aim of 
understanding how genes are involved in control of intra and inter cell processes, 
the scope of the molecular biology studies needs to be enlarged to include not only 
the discovery of nucleotide sequences that codes for proteins, but also the unravel-
ing of the regulatory systems which determine what genes are expressed, when, 
where, and to how much extent (Snoep & Westerhoff, 2005). The explanation of 
these regulatory networks functioning, by means of sending and receiving signals, 
is currently one of the main objectives of the systems biology studies.

techniques toward better results. In addition to gene expression data, recently bio-
logical information from heterogeneous data sources have been integrated by GRN 
inference methods as well. The objective of this chapter is to present an overview 
of GRN inference models and techniques with focus on incorporation of prior in-
formation such as, global and local topological features and integration of several 
heterogeneous data sources.



One of the most challenging research problems of Systems Biology is the infer-
ence (or reverse-engineering) of gene regulatory networks (GRNs) from expression 
profiles (Werhli, Grzegorczyk & Husmeier, 2006; Marbach et al, 2012). This research 
issue became important after the development of high-throughput technologies for 
extraction of gene expressions such as DNA microarrays (Schena, Shalon, Davis 
& Brown, 1995) or SAGE (Velculescu, Zhang, Vogelstein, & Kinzler, 1995), and 
more recently RNA-Seq (Wang, Gerstein, & Snyder, 2009). The importance of GRN 
reconstruction can be seen through initiatives taken for this purpose such as DREAM 
(Dialogue for Reverse Engineering Assessments and Methods) (Marbach et al, 2012). 
The inference problem involves discovery of complex regulatory relationships among 
biological molecules which can describe not only diverse biological functions, but 
also the dynamics of molecular activities. Once the network is recovered, intervention 
studies can be conducted to control the dynamics of the biological systems aiming 
to prevent or treat diseases (Shmulevich & Dougherty, 2007).

In general, it is not possible to recover GRNs very accurately based only on gene 
expression profiles for several reasons, including the presence of significant noise 
in the data, limited number of samples and large dimensionality. Also, GRN infer-
ence is considered an ill-posed problem, meaning that many networks may be able 
to explain the data in hand. Besides, the lack of information about the biological 
organism and the high complexity of the networks are additional challenges involved 
in GRN inference. From the computational point of view, this problem is NP-hard, 
requiring the development of approximation algorithms and high performance 
computing (including parallelization) techniques.

To infer, analyze and compare the interrelationship between genes with adequate 
precision is an open research problem. In this regard, the integration of mathemati-
cal models with several types of molecular information can be crucial for GRN 
inference and discovery of biological knowledge as well as their characterization 
(synthesis) (Ray, Bandyopadhyay, & Pal, 2009; Hecker, Lambeck, Toepfer, van 
Someren, & Guthke, 2009; Ristevski, 2013; Lopes, Ray, Hashimoto, & Cesar Jr., 
2014b). Some widely studied available sources of biological data are Gene Ontol-
ogy (GO) (Ashburner et al, 2000), GenBank (Benson, Karsch Mizrachi, Lipman, 
Ostell, & Wheeler, 2008), KEGG (Kyoto Encyclopedia of Genes and Genomes) 
(Kanehisa, Goto, Furumichi, Tanabe, & Hirakawa, 2010), The Arabidopsis Informa-
tion Resource (TAIR) (D’Angelo, Kilian, Kudla, Batistic, & Weinl, 2009), Munich 
Information Center for Protein Sequences (MIPS) (Mewes, et al, 2011), Protein-
Protein Interaction databases (Prasad et al, 2009; Licata et al, 2012; Orchard et al, 
2014), to cite but a few. Another important trend is the inclusion of global and local 
topological information to improve GRN inference methods (Hecker et al, 2009; 
Lopes, Martins Jr, Barrera, Cesar Jr, 2014a).



The objective of this chapter is to present an overview of GRN inference tech-
niques with focus on incorporation of prior information such as global and local 
topological features and integration of several heterogeneous data sources. The chapter 
will cover modeling, inference, validation and computational efficiency of these 
techniques, specially giving emphasis into the models and approaches proposed by 
the authors of this chapter such as Probabilistic Gene Networks (Section 2.2.4.3), 
SFFS-MCE (Secion 2.3.4.2), SFFS-BA (Section 3.3), Biological Score and Entropic 
Biological Score (Section 5). Section 2 presents the fundamentals of modeling and 
inference of gene regulatory networks from gene expression data, discusses the main 
models and inference methods proposed in the literature, including Probabilistic 
Gene Networks model and SFFS-MCE method. Section 3 presents some basic 
principles for including global topological information to help the gene regulatory 
networks inference process, including the discussion of SFFS-BA method. Section 
4 provides principles behind integration of several biological sources to reconstruct 
gene networks. Finally, Section 5 briefly discusses the methods Biological Score 
and Entropic Biological Score, which infer gene regulatory networks by integrating 
several biological data sources.

Cells define their specific behaviors according to the genes expressed by them. The 
transcription is the first step to convert the stored information in DNA to proteins. 
The transcription process is regulated by a control network which coordinates the 
cell activity (Shmulevich & Dougherty, 2007). Genes express a certain mRNA 
concentration from which the proteins will be synthesized in ribosomes. Some 
of these proteins are enzymes that catalyze metabolic reactions vital for the cell 
maintenance and signalling. Other proteins interact with the DNA to regulate the 
RNA synthesis of genes.

The microarray technology (Schena, 1995) was developed twenty years ago, 
but it is still the most popular technique for extraction of gene transcription signals. 
Such method uses biochemical process that measures the expression of thousands 
of genes simultaneously. More recently, next generation sequencing techniques have 
allowed the development of more advanced methods to measure gene expression, 
such as RNA-Seq (Wang et al, 2009). These technologies allow, for the first time, 
the study of genes in an integrated and systematic way, since it is known that genes 
do not act alone, but rather jointly with other genes, proteins and other molecules.

Gene regulatory networks (GRN) inference is fundamentally involved in discov-
ering which genes indirectly interact with each other (and how are these interac-
tions) by means of their mRNA expressions and, ultimately, by their proteins. The 



study of the dynamics of biological processes requires computational approaches to 
model the fast state transitions of molecules. The information about the dynamics, 
combined with computational analysis, can lead to a new stage of discovery about 
the understanding of the gene regulatory process. In particular, the gene expres-
sion analysis allows to identify the activation and inhibition of genes while the cell 
responds rapidly to these events in the cellular microenvironment (Shav Tal, Singer, 
& Darzacq, 2004). In this context, mathematical and computational modeling of 
biological processes may provide a possibility to improve the understanding of 
molecular organization, inter-dependence between molecules (or genes) and their 
regulatory interrelationships.

The GRN inference is considered an ill-posed problem in the sense that, for a given 
dataset of gene expression profiles, there are many (if not infinity) networks capable 
to generate such dataset. Such problem is hardened by a typically limited number of 
samples, a huge dimensionality (number of variables, i.e., genes) and presence of 
noise (Shmulevich & Dougherty, 2007). The performance of the GRNs inference 
methods depends on the interrelationship between sample sizes, number of features 
and the complexity of the inference method. For example, a naive GRNs inference 
method requires the number of observations (e.g., microarrays) to be an exponential 
function of the number of genes (Jain, Duin & Mao, 2000). This phenomenon is 
known as the ``curse of dimensionality’’ in the field of pattern recognition. In this 
regard, novel computational and statistical techniques are required to infer relation-
ships among the variables and to alleviate the intrinsic errors, committed in the 
presence of small number of samples with huge dimensionality.

In general, it is not possible to recover the GRNs very accurately due to aforemen-
tioned reasons combined with the lack of information about the biological organism 
and the high complexity of the networks. Part of this complexity is due to the intrin-
sically multivariate prediction phenomenon (Martins Jr, Braga Neto, Hashimoto, 
Dougherty, & Bittner, 2008; Martins Jr, Oliveira, Braga Neto, Hashimoto, & Cesar 
Jr, 2013), also known as synergy (Anastassiou, 2007) or combinatorial regulation 
(Marbach et al, 2010) in the context of GRNs. A set of genes X is considered as 
intrinsically multivariate predictive with regard to a given target gene Y if Y has its 
behavior (expression signal) strongly predicted by the expression signals of X and, 
at the same time, weakly predicted by any proper subset of X (Martins Jr et al, 2008; 
Martins Jr et al, 2013). The multivariate nature of the relationship of some predictor 
variables with the target variable is one of the main causes of the occurrence of the 
well known nesting effect (Martins Jr et al, 2008; Martins Jr et al, 2013). The nesting 
effect occurs when an inserted feature in the solution subset may never be removed 



from it by a suboptimal feature selection, even if such feature does not belong to 
the optimal solution. Analogously, a feature removed from the solution subset may 
never be inserted into it, even if such feature belongs to the optimal solution (Pudil, 
Novovicová, & Kittler, 1994).

Thus, to infer, analyze and compare the interrelationship between genes with 
adequate precision is an open research problem. Although the integration of biologi-
cal information with mathematical models is critically important in discovering and 
characterizing novel biological knowledge, it is restricted by the prior biological 
information of each gene/biological entity involved in the process. Moreover, the 
integration of multiple data types, associated with the local and global properties 
of the biological organisms, is also important for analysis of topological features of 
connectivity between genes, effective prediction of GRNs, and their functions (Troy-
anskaya, 2005; Vidal, 2005; Aittokallio & Schwikowski, 2006; Lopes et al, 2014a).

Another issue is the validation of the inferred networks which requires prior 
knowledge about the real gene connections and their functional relations. In the 
validation process, it is possible to use computational gene network models (Mendes, 
Sha, & Ye, 2003; Marbach, Schaffter, Mattiussi, & Floreano, 2009; Lopes, Cesar 
Jr, & Costa, 2011a), for which the mechanisms are known, or to choose a biological 
model as a gold standard network.

The current technologies for gene expression measurement, such as microarrays and 
RNA-seq allow the study of aspects of GRNs in a global fashion. Such experiments 
extract the states of a regulatory system of a certain organism under a condition of 
interest, generating a set of expression concentrations. Such data are compared with 
predictions performed by mathematical models constructed from some biological 
knowledge about the regulatory system. These models are constantly corrected and 
enhanced to make the predictions reliable with respect to the reality represented by 
the experimental data. Figure 1 presents a fluxogram which illustrates this process.

The GRN modelling is an area in constant evolution. This section presents a 
brief overview of the main GRN models based mainly on surveys from De Jong, 
2002; Schlitt & Brazma, 2007; Shmulevich & Dougherty, 2007; Kelemen, Abraham, 
& Chen, 2008; Hecker, 2009; Shmulevich & Aitchison, 2009; Penfold & Wild, 
2013; Ristevski, 2013.

A list of parts is a collection and description of the components involved in a network 
of a biological system (Schlitt & Brazma, 2007). Such elements include transcrip-



tion factors, promoters and binding sites for transcription factors. The building of 
a list of parts is the first step in the development of a complex model. Such lists 
are resulting from a genomic sequencing and annotation project in which the DNA 
of an organism is determined and a large part of genes and proteins are identified. 
These lists can be represented as a database of regulatory elements or functions 
performed by genes. Once the transcription factors and their respective binding sites 
are known, the topology of a regulatory network can be derived.

Topological models describe the connection between the elements composing the 
list of parts. They can be represented by graphs whose nodes correspond to genes 
and edges (or arcs) representing the regulatory interactions. Graph representations 
have been used for a myriad of biological datasets, including gene expression net-
works and protein-protein interaction networks (Albert & Barabási, 2002; da-Silva 
& Stumpf, 2005).

The representation of regulatory networks by means of graphs can be generalized 
in several ways (De Jong, 2002). Nodes and arcs can be labeled to provide informa-
tion about the functionality of each gene and the type of interactions existing among 
the genes. A simple example of gene regulatory network can be viewed in Figure 2 
which illustrates 3 nodes (genes) and arcs indicating activation (→) or inhibition (-|).

There are many graph operations that can be performed to obtain biologically 
relevant predictions about regulatory systems (De Jong, 2002). For instance, a search 
for paths between two genes can provide clues about network redundancy. Charac-
teristics of global connectivity of a network, such as the average and the distribution 

Figure 1. Fluxogram illustrating the GRN analysis process. Rectangles represent 
procedures, triangles represent information sources and arrows represent informa-
tion flux. Figure adapted from (De Jong, 2002).



of the number of regulator per gene, may indicate the network complexity. A 
strongly connected subgraph that is loosely connected with other subgraphs may 
be a functional module of the regulatory system which can be separately analysed. 
Largely connected genes (hubs) normally provide tolerance to random faults occur-
ring in elements of the network (Albert, Jeong, & Barabási, 2001). Repetition of 
local structures (motifs), frequently occurring in real data but almost absent in 
random networks, can be examined. For example, cycles may indicate feedback 
relationships important to the homeostasis and differentiation (Thomas, 1998; Milo, 
2002). Finally, comparison of regulatory networks from distinct organisms can be 
conducted to search for evolutionary features preserved in both species (De Jong, 
2002).

Once the network topology is known, the next step is the study of the interaction 
rules among the network elements. For instance, considering a promoter consisting 
of only one binding site to a transcription factor, it is important to know whether 
such factor is either an activator or inhibitor. If several transcription factors bind to a 
promoter, the knowledge of the functioning of each factor and the way they interact 
is important. Figure 3 illustrates a Boolean logic circuit among three input genes 
which provides as a output the result of the fourth gene. Some studies show that 
some promoters present multivariate behaviors approximated by Boolean functions 
(AND, OR, NOT and combinations of these logics) (Kauffman, 1993; Shmulev-
ich, Dougherty, Kim, & Zhang, 2002; Martins-Jr et al, 2008). In certain cases the 
interactions are even more complex (Louis & Becskei 2002).

Boolean functions, decision trees, relevance networks, Bayesian networks and 
linear functions are often used to describe the network logics. These models can be 

Figure 2. Directed graph representing a gene regulatory network. The arcs indicated 
by → and -| represent activation and inhibition interactions, respectively



classified in two major categories: discrete or continuous (D’haeseleer, Liang, & 
Somogyi, 2000). Discrete functions are based on the hypothesis that a gene can be 
in a finite number of states. In the simplest case, only two states describe the state 
of a gene: expressed and not expressed. In this way, Boolean functions can describe 
the interactions among genes. Such functions are simplifications of gene networks, 
since gene expression data are in continuous domain (concentration of molecules 
change in a smooth fashion). Nevertheless, Boolean networks can be a good starting 
point to model gene networks since they are suitable to capture the global behavior 
of the biological system, require less data to be estimated, and the implementation, 
simulation and analysis are straightforward (Kauffman,1969; Hecker, 2009).

Continuous functions use real values to represent the gene activity. One of the 
widely used approaches in this category is the linear function which considers the 
target gene as a linear combination of its predictors, each one with a different weight 
and a signal that can be positive or negative. The network topology determines 
which predictors possess weight equal to zero for a given target (those genes without 
arcs going to the target). Unlike Boolean functions, linear functions cannot model 
a situation in which a gene can exert both activation and inhibition to another gene 
depending on the state of other genes (non-linear relationships). Non-linear relations 
are better modeled by Boolean functions.

Decision trees are models that allow to predict the behavior of a particular 
gene (tree leaf) based on the expression of other genes (internal nodes of the tree) 
(Soinov, Krestyaninova, & Brazma, 2003). This approach works with both discrete 
and continuous variables.

Figure 3. Logic Boolean circuit with three input genes producing the value of the 
fourth gene as a result (adapted from (Schlitt & Brazma, 2007). The fourth gene is 
activated only when genes 1 and 2 are activated and gene 3 is inhibited.



Relevance networks approaches consider the similarity between gene pairs in 
the continuous domain (Butte & Kohane, 2000; Kelemen et al, 2008). To define 
the network topology, all gene pairs are compared using similarity metrics such 
as correlation coefficients or mutual information. An approach in this direction 
is available in ARACNe (Algorithm for the Reconstruction of Accurate Cellular 
Networks) (Margolin et al, 2006). Such approaches cannot capture multivariate 
(N-to-1) relationships, since they capture only pairs (1-to-1).

Bayesian Networks provide a probabilistic approach to model gene regulatory 
networks (Friedman, Linial, Nachman, & Pe’er, 2000; Pe’er, Regev, Elidan, & 
Friedman, 2001; Pournara & Wernisch, 2004). These networks are represented by 
a directed acyclic graph where each node represents a gene and each arc represents 
a dependency. For each gene expression level i denoted by Xi, there exists a condi-
tional distribution of probabilities P(Xi | ρ(Xi)) where ρ(Xi) corresponds to the set of 
direct predictors of i. An important property is that the joint probability distribution 
P(X) of all nodes of a Bayesian network is given by the product of the conditional 
probabilities of each gene given its predictors (Markov Hypothesis), i.e.,

P X P X Xi i
i

n

( ) ( | ( ))=
=
∏ ρ
1

 

Figure 4 illustrates an example of Bayesian network with all associated conditional 
probabilities and the mathematical expression which provides the joint probability 
distribution of the network.

Bayesian network approaches are attractive to model GRNs for its solid statisti-
cal basis, which allows to deal with stochastic aspects of gene expression and noisy 
measures in a natural way (De Jong, 2002). However, this model does not take into 
account dynamic aspects. Such disadvantage can be circumvented through a gen-
eralization of this model (Dynamic Bayesian Networks) which allows feedback 
relationships (loops) to be modelled (Perrin et al, 2003).

The knowledge of the list of parts of a network, as well as its topology and the control 
logics, is required to expand the model and to capture dynamic changes along time 
(Schlitt & Brazma, 2007). Typically, dynamic models take into account a relatively 
small number of genes. The objective of these models is to describe and simulate 
the dynamic behavior of the system state and to predict the network response to 
several stimuli and environmental changes.



Several dynamic models are proposed in the last decade. Greller and Somogyi 
(2002) suggested dualities to categorize these models. Some dualities are high-
lighted below.

• Static (without time-series information) versus dynamic (with time-series 
information);

• Qualitative (discrete) versus quantitative (continuous) measures (e.g. Boolean 
or abundances);

• Deterministic versus probabilistic state transitions (e.g. differential equations 
or Markov chains);

• Linear versus non-linear interactions among elements and state transition 
rules;

In this section, the main dynamic models used in GRNs will be discussed.

The Boolean Networks model has been employed in GRNs since 1969 (Kauffman, 
1969). Boolean networks are based on the hypothesis where the values “active/

Figure 4. Bayesian network with all assigned conditional probabilities and the cor-
responding joint probability of X



inhibited” of the elements can describe important aspects of the gene regulation. 
In this model, the network state is represented by a sequence of n bits (0s and 1s) 
indicating which genes are expressed or not in a given time instant. As the time 
proceeds, the network transits along the state space as illustrated in Figure 5. For a 
network of n genes, there are 2n possible states. Some states may never be reached. 
Other states, called attractors, can be periodically reached depending on the ini-
tial condition of the system. Figure 5(D) illustrates two attractors: one of them is 
composed by only one state (0,0,1), while the other is composed by two alternating 
states (1,0,1) and (0,1,0).

Attractors are stationary states of a dynamic system which captures the long 
term behavior of the system (Shmulevich & Dougherty, 2007). According to Kauff-
man, attractors can be viewed as cell types (Kauffman, 1969). Different cells are 
characterized by their recurrent gene expression patterns, which correspond to the 
attractors. Real GRNs are largely stable in presence of perturbations on the expres-
sion of one or several genes caused by external factors. Considering the Boolean 

Figure 5. Example of a Boolean network consisting of 3 genes. (A) State transition 
logic rules; (B) Graph of dependencies (topology); (C) Table listing all possible 
states at time t and their respective state transitions at time t+1; (D) State transition 
diagram. Adapted from (Schlitt & Brazma, 2007)



networks formalism, this means that when a small number of genes are perturbed, 
their values (states) may change, but the network states usually remain in the same 
attractor basin, which leads to the same attractor (Shmulevich & Dougherty, 2007). 
In this sense, attractors of large attractor basins lead to strong stability of the system 
(Li, Long, Lu, Ouyang, & Tang, 2004; Zhang et al, 2006). Such stability of regula-
tory networks in live organisms allows cells to maintain its normal functional state 
in the organism even when exposed to some degree of external perturbations.

Generalized Logical Networks are a generalization of the Boolean network 
model in which the elements can have an arbitrary number of values and the state 
transitions occur asynchronously (Thomas, Thieffry, & Kaufman, 1995).

Probabilistic Boolean Networks is a stochastic model of Boolean Networks where 
the binary expression value of each gene at a certain timepoint is determined by a set 
of Boolean functions of some genes at the previous timepoint. Here, each function is 
applied probabilistically (Shmulevich et al, 2002). Normally, the quasi-determinism, 
inherent to GRNs, is modelled by assigning probability close to 1 to one of the 
functions, while the functions with small probability play the role of perturbations 
or changes of biological context (Dougherty, Brun, Trent, & Bittner, 2007). As a 
consequence, Boolean networks represent a particular type of probabilistic Boolean 
networks in which each gene has only one predictor function.

Probabilistic gene networks (PGN) follows the feature selection principle. For each 
target gene, a search for the subset is performed which best describes the target 
behavior according to the expression signals. Barrera et al (2007) discussed this 
approach in analyzing the dynamical expression signals of the Plasmodium falci-
parum (one of the malaria agents) and provided interesting biological results. Such 
approach assumes that the temporal samples follow a first order Markov Chain in 
which each target gene in a given timepoint depends only on its predictor values in 
the previous time instant. The transition function is homogeneous (it does not change 
along time), almost deterministic (from any state, the system has a preferential state 
to go) and conditionally independent (i.e., the value of a given gene is dependent 
only on its predictors, following the Markov hypothesis). These assumptions are 
important simplifications to deal with the limited number of samples typically 
available in real data.

Conceptually, PGN is a restricted type of PBN when the variables are binary. 
PGN assumes that a target gene presents several different predictor functions like 
PBN, although the difference is that all these functions necessarily present the same 
set of predictor genes as inputs in PGN. Another important restriction is the quasi-



determinism assumed by PGN. Finally, PGN model assumes that genes can have 
a variable number of discrete values. For example, Barrera et al (2007) considered 
three possible states for each gene: -1 (underexpressed), 0 (normally expressed), 
+1 (overexpressed).

Bayesian networks are inherent static, as they do not model cycles in the network 
topology. In contrast, Dynamic Bayesian Networks (DBN) is a model that consid-
ers time-dependency, thus allowing cycles (Perrin et al, 2003). Shmulevich et al. 
(2002) showed that PBN is a type of DBN which considers only binary values. 
Similar to Bayesian networks, DBN can consider a variable number of discrete 
states for each gene.

Boolean networks model and its derivatives can reveal important global properties 
of the network, but they are insufficient to capture certain aspects of the dynamics 
(Schlitt & Brazma, 2007). On the other hand, differential equations models allow 
more detailed descriptions of the network dynamics by modelling concentration 
alterations along time (Chen, He, & Church, 1999; Maki, Tominaga, Okamoto, 
Watanabe, & Eguchi, 2001). Basically, the regulatory network is modelled by 
equations of the form:

dx
dt

F x x x i n F R Ri
i n i

n= ∈ →( , ,..., ), { , ,..., }, :1 2 1 2  

where Fi is a logic control function that can be linear or non-linear (generally non-
linear (Shmulevich & Dougherty, 2007; De Jong, 2002)).

A disadvantage in using differential equations in the context of GRN inference 
is the requirement of a large number of parameters to be estimated. Additionally, a 
high temporal resolution dataset (many timepoints) is required. However, datasets 
with large number of temporal gene expression samples is normally very difficult 
to obtain. This is the main reason by which differential equation models are applied 
only to very small networks with few components. Another difficulty is that the 
experimental data in question are very susceptible to noises, which may deny the 
appropriate quantitative modelling. Prior biological knowledge and simplifications 
can help this type of modelling (Kelemen et al, 2008).

Similar to differential equations, stochastic differential equations try to capture 
quantitative molecular details. However, this model tries to incorporate stochasticity 



to also capture fluctuations on the molecular level, which are important for many 
biological processes (Raser & O’Shea, 2005; Shmulevich & Aitchson, 2009). Besides, 
the inclusion of stochasticity is general and does not require specific knowledge 
about the stochasticity nature. There are simulation methods that accurately simulate 
the system dynamics of reactions of biochemical molecules, although their compu-
tational costs strongly increases with the number of chemical variables considered 
(Cao & Samuels, 2009; Shmulevich & Aitchson, 2009). On the other hand, there are 
methods which incorporate stochasticity on the deterministic differential equations, 
which perform much better in terms of computational complexity than simulation 
methods, specially for a large number of chemical molecules (Manninen, Linne, & 
Ruohonen, 2006). Such methods can introduce stochasticity into reaction rates, rate 
constants and concentrations. The main disadvantage of this model is the require-
ment of prior knowledge of concentrations and kinetic parameters, as happens for 
quantitative models in general.

In this model, chemical reactions are modeled as a Markov chain process where 
the set of states is discrete and the time is continuous (Hegland, Burden, Santoso, 
MacNamara, & Boooth, 2007; Smadbeck & Kaznessis, 2014). Each element of the 
state corresponds to the number of molecules of a given type. When a chemical 
reaction occurs, a transition happens from a given state to another one. There are 
several types of reactions including covalent reactions, bindings, conformational 
changes, transcriptional elongation events, among others. This model presents an 
important disadvantage due to the involvement of a large number of interacting 
substances, suffering from the curse of dimensionality. To address such problem, 
stochastic approximations have been proposed. Even so, this model is very compu-
tationally intensive, where even a moderate number of substances (~ 100) cannot 
be feasibly modelled.

Petri nets are an extension of graph models which allows simple quantitative repre-
sentation of dynamic processes (Pinney, Westhead, & McConkey, 2003; Hardy & 
Robillard, 2004). Usually Petri Nets are directed graphs consisting of arcs and two 
different types of nodes: position and transition nodes. The arcs connect only posi-
tion nodes to transition nodes and vice-versa. The dynamic aspect is introduced by 
tokens, which can be contained by position nodes. Each arc has a value indicating 
the number of tokens required to perform the transition through it. The transition 
nodes determine the change rate along the way. Petri nets are particularly useful to 
model metabolic reactions, since a detailed information about the reaction rates is 
not needed. This is an advantage because such rates are usually unknown, although 



such information is important to completely describe certain metabolic networks 
(Schlitt & Brazma, 2007).

Biological systems present continuous and discrete aspects (Schlitt & Brazma, 
2007). In general, concentrations are continuous values whereas binding of a tran-
scription factor to DNA is expressed as a discrete event (on or off). However, the 
boundary between the continuous and discrete aspects depends on the detail level of 
the adopted model. Hybrid models are developed to describe both aspects (Akutsu, 
Miyano, & Kuhara, 2000).

There exist extensions of the Petri nets model which allow to include knowledge 
about the reactions dynamics. One of these extensions include stochastic time de-
lays of the transitions (Goss & Peccoud, 1998) . In these networks, the trigger of 
transition nodes depends not only on the number of tokens, but also on a stochastic 
component. Another type of extension is the Hybrid Functional Petri Nets (HFPN) 
model where the position and transition nodes are continuous (Matsuno, Inouye, 
Okitsu, Fujii, & Miyano, 2006). The problem with using HPFN is that it cannot 
utilize (lost) the main advantage of conventional Petri nets over differential equations 
(independence on reaction rates information). On the other hand, HFPN allows a 
mixture of continuous and discrete nodes, which enables the inclusion of informa-
tion about known reaction rates only (Schlitt & Brazma, 2007).

Finite State Linear Model (FSLM) combines the simplicity and the small compu-
tational cost of Boolean networks with a continuous representation of the element 
values (Ruklisa, Brazma, & Viksna, 2005). In this model, the gene activity is repre-
sented by two states (overexpressed and underexpressed) but the expression levels 
are represented by real values. The time is continuous and the concentration rate 
change is determined by the network state. This model can represent a good degree 
of complexity of the networks, although it is not appropriate to model relatively 
large regulatory networks due to lack of detailed biological information (Schlitt & 
Brazma, 2007).

The GRN inference from gene expression data, also known as reverse engineer-
ing, is not an easy task due to the huge volume of variables (genes) and the small 
number of available samples (experiments). It also involves the large complexity of 



the biological networks, representing an important challenge in bioinformatics and 
computational biology (Hovatta et al, 2005). The literature related to GRN identifica-
tion is vast and growing rapidly which reflects the importance of this research field. 
Some reviews about this topic can be found in D’haeseleer et al, 2000; De Jong, 
2002; Styczynski & Stephanopoulos, 2005; Schllit & Brazma, 2007; Markowetz & 
Spang, 2007; Karlebach & Shamir, 2008; Hecker et al, 2009; Xiao, 2009; de Smet & 
Marchal, 2010; Marbach et al., 2010; Lu & Zhou, 2011 and Penfold & Wild, 2013. 
The objective of this section is to present a brief overview of some GRN inference 
methods based on the aforementioned surveys.

The strategy adopted by REVEAL (REVerse Engineering ALgorithm) (Liang, 
Fuhrman, & Somogyi, 1998; Kelemen et al, 2008) is to infer regulatory interactions 
between genes through mutual information of the joint probability distribution of a 
target, at a given time instant, and its predictors at the previous instant of time. In this 
way, REVEAL estimates the relationship between genes based on mutual informa-
tion of the temporal measurements of gene expression (e.g. temporal microarrays).

Given a set of temporal expressions and a target gene Y, REVEAL applies an 
exhaustive search for a given subset of genes X, such that I(X,Y) = H(X), where 
H is the Shannon’s entropy of X. This equality means that the behavior of Y is 
fully predicted by X. A parameter k indicating The maximum size of the subsets 
to be searched is required. The value of this parameter needs to be small (at most 
3), otherwise the exhaustive search for subsets of size k becomes computationally 
unfeasible. In addition, another importance to constrain the k values to be small 
is due to the curse of dimensionality (Theodoridis & Koutroumbas, 2008), where 
larger k lead to poorer statistical estimation of the joint probability distributions.

The methods Predictors and Chooser, developed by Ideker et al., identify GRNs 
models as Boolean Networks by applying successive perturbations to genes with 
the most uncertain connections and analyzing the alterations in the system behavior 
(Ideker, Thorsson, & Karp, 2000). One of the steps of these methods is the Hitting 
Set Problem (HSP) solving, which is NP-hard (Garey & Johnson, 1999). Recently, 
Graphical Processing Unit (GPU) implementations of HSP is developed to make HSP 
feasible for larger number of Boolean clauses and higher dimensionalities (Steinbach 
& Posthoff, 2012; Santos et al, 2015), which are intrinsic characteristics of GRNs.



Approaches based on relevance networks (Butte, & Kohane, 2000) look for similarity 
or dissimilarity between gene pairs. Two steps are required for network inference: (i) 
all gene pairs are compared using some similarity or dissimilarity metric (in general, 
correlation coefficient and mutual information are used (Kelemen et al, 2008)); (ii) 
the full set of comparisons between pairs is filtered to determine relevant connec-
tions, typically done by using a threshold. The selection of these relevant connec-
tions represents the discovery of the edges between genes in the inferred network.

ARACNE (Algorithm for the Reconstruction of Accurate Cellular NEtworks) (Mar-
golin et al, 2006) is an algorithm based on relevance networks which uses mutual 
information to identify the regulatory relationships between genes. Once such re-
lationships are identified, ARACNE applies a filter to eliminate edges representing 
indirect relationships between genes. This is performed by using the data processing 
inequality, which states that if tree random variables X, Y, and Z depend on each 
other in a linear fashion X→Y→Z, then the mutual information between X and Z 
is less than or equal to the minimum of the mutual informations between X and Y, 
and between Y and Z (Kelemen et al, 2008). In this way, each triplet of genes is 
analysed with the aim to eliminate indirect relationships.

CLR (Context Likelihood of Relatedness) algorithm (Faith et al, 2007) assigns an 
edge between two genes if some similarity metric is larger than a given threshold. 
Instead of considering the mutual information between two genes directly, as AR-
ACNE does, CLR calculates a measure based on the distribution of mutual informa-
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Here, I is the mutual information, μi is the mean and σi is the standard deviation of 
the empirical distribution of the mutual information values between genes Xi and Xj.

Feature selection based approaches searches for the subset of genes which best 
predicts the behavior of a considered target gene according to the expression data, 



a search algorithm and a relevance criterion (criterion function). This process is ap-
plied to all genes considered as target (all genes or a reduced list of genes of interest).

MRNET method applies feature selection guided by maximum relevance / mini-
mum redundancy criterion to infer GRNs (Peng, Long, & Ding, 2005). For each 
target gene Y, a search is performed to determine the variable Xi which presents 
the largest mutual information with respect to the chosen target gene I(Xi,Y). The 
second chosen gene Xj is the one with the largest mutual information with respect 
to the target gene I(Xj,Y) and at the same time it has the least mutual information 
with the gene already chosen as predictor I(Xi,Xj), generating a predictor set Z. In 
the next steps, this set is updated by inclusion of new genes Xk which maximize the 
difference uk-rk, where uk represents the relevance given by the mutual information 
I(Xk,Y), and rk represents the redundancy given by:
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The method SFFS-MCE (Sequential Floating Forward Search - Mean Conditional 
Entropy) considers the regulatory interactions represented by the PGN model (see 
Section 2.2.4.3) to infer GRNs (Barrera et al, 2007; Lopes, Martins Jr, & Cesar Jr, 
2008). The inference process is initiated by choosing one gene of interest (target). 
As the search space is usually very large, an exhaustive search for predictors of a 
target gene is unfeasible, unless the number of predictors that each target can possess 
is limited. This is similar to what is done by REVEAL (Section 2.3.1). To circum-
vent this problem, SFFS-MCE applies SFFS, a sub-optimal feature selection with 
good cost-benefit in terms of computational complexity and quality of the solution 
returned (Pudil et al, 1994). The objective is to find a good subset of predictors for 
the chosen target within a small computation time. The criterion function is based 
on penalized mean conditional entropy, which needs to be minimized to achieve 
the best subsets. This criterion is, in essence, based on mutual information with a 
factor that penalizes joint probability distributions in which the number of poorly 
observed predictor states is large (Martins Jr, Cesar Jr, & Barrera, 2006; Barrera et 
al, 2007; Lopes et al., 2008).

Feature selection algorithms like SFFS are suboptimal in the sense that the 
optimum solution (i.e., the best predictor set according to the criterion function 
adopted) is not guaranteed. This is due to the presence of intrinsically multivari-
ate predictive relationships in GRNs (Martins-Jr et al, 2008), resulting from the 



nesting effect (Pudil et al, 1994) (see Section 2.1). Although SFFS was designed 
to alleviate the nesting effect problem, it is not completely removed. In this regard, 
several improvements on the search algorithm and/or the criterion function of the 
SFFS-MCE are developed (Lopes, Martins Jr, Barrera, & Cesar Jr, 2010; Lopes, 
de Oliveira, & Cesar Jr, 2011b; Borelli, Camargo, Martins Jr, & Rozante, 2013; 
Montoya Cubas, Martins Jr, Santos, & Barrera, 2014; Lopes et al, 2014a; Lopes et 
al, 2014b; Vicente & Lopes, 2014). In particular, the method SFFS-BA (Lopes et 
al, 2014a), which will be described and discussed in Section 3.3, utilizes the SFFS 
algorithm to obtain networks with scale-free properties. Finally, a method, called 
Entropic Biological Score (Lopes et al, 2014b), is discussed in Section 4 which cre-
ates a criterion function based on mean conditional entropy computed from gene 
expression data and also incorporates several other sources of biological information.

Evolutionary algorithms is a branch of the artificial intelligence where computational 
models, mimicking the natural process of evolution, are proposed to solve combi-
natorial optimization problems. In this context, the genetic algorithms (GA) utilize 
concepts of the natural selection theory such as inheritance, selection, crossover 
and mutation to solve combinatorial optimazation problems until local optimal or 
global optimal solutions are achieved (Holland, 1992; Mitchell, 1996).

The genetic algorithms framework has been employed to infer gene regulatory 
networks (GRNs) in several investigations (Larrañaga, Poza, Yurramendi, Murga, & 
Kuijpers, 1996; Shin & Iba, 2003; Mamakou, Sirakoulis, Andreadis, & Karafyllidis, 
2005; Swain, Hunniford, Dubitsky, Mandel, & Palfreyman, 2005; Knabe, Wegner, 
Nehaniv, & Schilstra, 2010; Davidson, 2010; Mendoza, Lopes & Bazzan, 2012; 
Jimenez, Martins Jr, & Santos, 2014). In particular, Davidson (2010) presented a 
discussion about genetic algorithms for Bayesian networks inference through topo-
logical sort of genes (nodes) and developed a hybrid genetic algorithm, personalized 
for this purpose. Mendoza et al (2012) proposed a genetic algorithm for inference 
of GRN, modeled by Boolean networks from simulated and real data. In this work, 
the topologies are computed by integer numbers representing the predictor indices 
for each gene. Here, it is necessary to determine a priori the maximum number of 
predictors per gene as the random initial population is restricted to one predictor 
per gene. The fitness function is based on Tsallis entropy (Lopes et al, 2011b) with 
a penalty factor that needs to be appropriately defined to obtain networks with a 
good balance between complexity (number of edges in the network) and consistency 
with the temporal expression data.

In general, the GA methods developed for GRN inference codify the structure of 
the network as a whole, i.e., each chromosome represents a network, and the initial 



population consists of random networks generation. On the other hand, a recent work 
proposed by Jimenez et al. (2014) presents the application of one genetic algorithm 
per gene to seek for the best subset of predictors for each gene. In this way, a chro-
mosome codifies a subset of predictor genes, specific for a given gene. Besides, this 
work suggests the generation of initial populations based on an inference method (for 
instance, exhaustive search by mutual information with a predefined small number 
of predictors per gene as proposed by Barrera et al. (2007).

The DREAM (Dialogue for Reverse Engineering Assessments and Methods) project 
is an initiative which is conducted by a community of researchers to provide impor-
tant systems biology and translational medical challenges and to invite participants 
to propose solutions (Marbach et al, 2010; Marbach et al, 2012). The main idea 
behind this project is to combine methods proposed by the community to generate 
a “wisdom of the crowd” to solve intricate challenges. Marbach et al. observed that 
GRN inference methods usually fail to accurately infer multiple regulatory inputs 
(combinatorial or intrinsically multivariate regulation) of genes (Marbach et al, 
2010) by assessing several methods that try to solve this problem. Based on this 
observation, Marbach and colleagues compared 35 methods, submitted to DREAM5 
(fifth edition) challenge, with community-based consensus networks obtained by 
ensembling those 35 methods. The results revealed that only the consensus networks 
are robust across species and datasets, achieving best overall performances (Marbach 
et al, 2012). Those 35 methods are classified in five broad categories (regression, 
mutual information, correlation, Bayesian and other) and strengths and weaknesses 
of each category are highlighted.

Although the authors conclude that the ensemble of networks is the best approach 
in general, it still does not accurately infer GRNs in all situations. This is due to the 
very known inherent limitations of gene expression data involved with the fact that 
mRNA levels of transcription factors and their targets not always tend to be correlated. 
The authors suggest that the accurate inference of eukaryotic regulatory networks 
can be achieved only by integrating other sources of biological information. This is 
precisely the key point of the present chapter. In Section 3, a method that integrates 
prior global topological information (scale free topology) to the SFFS-MCE (Lopes 
et al, 2008), called SFFS-BA (Lopes et al, 2014a), is discussed. Finally, Section 4 
discusses about a method, called Entropic Biological Score (Lopes et al, 2014b), that 
integrates several sources of biological information to the MCE (mean conditional 
entropy) criterion function.



The biological data integration and mathematical models can be crucial for the 
discovery of biological knowledge, as well as their characterization (synthesis). 
Among the mathematical models, the FunNet (Prifti, Zucker, Clement, & Henegar, 
2008) is an integrative tool for exploring interactions in gene expression data sets. 
Another class of biological data can be obtained in the form of images, which try 
to represent in a pictorial way the cells and molecules in various biological phe-
nomena of interest. Currently there are some biological imaging databases such as 
Allen Brain Atlas (Lein et al, 2007), Cell Centered Database (Martone et al, 2002) 
and FlyEx Database (Poustelnikova, Pisarev, Blagov, Samsonova, & Reinitz, 2004).

There are several recent initiatives where biological information is incorporated in 
the inference/prediction methods. One kind of initiative is the use of known informa-
tion of biological entities, available in public databases, into the clustering process 
(exploratory analysis / unsupervised classification), resulting in more biologically 
meaningful clusters (Cui, Wang, Chen, Busov, & Wei, 2010; De-haan et al, 2010; 
Macintyre, Bailey, Gustafsson, Haviv, & Kowalczyk, 2010).

Another initiative is also to use biological information for the discovery of 
transcriptional regulation relationships, i.e., to infer GRNs (Ernst et al, 2008; Seok, 
Kaushal, Davis, & Xiao, 2010; Werhli & Husmeier, 2008). A variety of biological 
data integration techniques for GRNs inference are described in (Troyanskaya, 2005; 
Karlebach & Shamir, 2008; Baumbach, Tauch, A., & Rahmann, 2009; Hecker et 
al, 2009). Although the integration of biological information with mathematical 
models is critically important in discovering and characterizing novel biological 
knowledge, it is restricted by the prior biological information of each gene/biologi-
cal entity involved in the process.

Another important aspect is the integration of multiple data types associated 
with the local and global properties of the biological organisms such as the analysis 
of topological features of connectivity between genes. This can be decisive for the 
effective prediction of GRNs and their functions in face of the known limitations 
(Troyanskaya, 2005; Vidal, 2005; Aittokallio & Schwikowski, 2006).

The analysis of the local and global biological network properties and its application 
on the inference process is very recent and has been very promising (Karlebach & 
Shamir, 2008; Klamt, Saez Rodriguez, J., & Gilles, 2007; Lacroix, Cottret, Thébault, 



& Sagot, 2008; Lenas, Moos, & Luyten, 2009; Przytycka & Kim, 2010; Lopes et 
al, 2014a; Vicente & Lopes, 2014). For example, the application of local and global 
structures of biological organisms on the inference methods may occur in the form of 
similarities of connected network modules (Ulitsky & Shamir, 2007), structural and 
graph-theoretic interpretation of the network components (Kuchaiev, Milenkovic, 
Memisevic, Hayes, & Przulj, 2010; Narasimhan, Rengaswamy, & Vadigepalli, 2009), 
sparseness of the network (Andrecut, Huang, & Kauffman, 2008; Andrecut & Kauff-
man, 2008; Christley, Nie, & Xie, 2009), gene network motifs (Ott, Hansen, Kim, & 
Miyano, 2005) and search for cliques in network graphs (Yu, Paccanaro, Trifonov, 
& Gerstein, 2006). More importantly, biological networks and particularly GRNs 
are known not only to be sparse, but also organized, as nodes belong to different 
classes of connectivity (Charbonnier, Chiquet, & Ambroise, 2010).

The information about network topology can help the investigation of biological 
process by adopting the complex network theory and its properties (Albert & Bara-
basi, 2002; Costa, Rodrigues, & Cristino, 2008; Newman, 2003; Strogatz, 2001). It 
is known that many kinds of relationships can be successfully described by complex 
networks. In particular, the complex networks theory describes various types of 
network topologies, each one with well defined properties. It has been broadly ap-
plied to characterize biological processes and gene relationships. Some biological 
networks present the scale-free property in which many nodes have a low degree and 
a few of them have a high degree (hubs). Here, the degree distribution of scale-free 
networks is approximated by a power-law distribution (Albert, 2005; Barabasi, 2009; 
Barabasi & Oltvai, 2004; Costa et al, 2008; Farkas et al, 2003; Guelzim, Bottani, 
Bourgine, & Képès, 2002; Jeong, Tombor, Albert, Oltvai, & Barabási, 2000). In 
general, topological patterns and its structural analysis is one of the most promis-
ing topics in the analysis of complex networks (Alon, 2007; Goemann, Wingender, 
& Potapov, 2009), and particularly the application of structural properties of the 
network can be a very valuable prior information for GRNs inference methods.

Recently, an approach by using the scale-free topological information for GRNs 
inference, called Sequential Forward Floating Selection - Barabási-Albert (SFFS-
BA), is proposed by Lopes et al., 2014a. This new feature selection algorithm is 
guided by a criterion function applied to the GRNs inference from expression data, 
which assumes that the structure of GRNs follows a scale-free topology. Therefore, 
the scale-free topology is used as a prior information by the search algorithm for 
the GRNs inference.

Considering the limitations of data, knowledge about biological organisms, 
presence of noise in the expression measures and the complexity of biological 



networks, the main objective of the SFFS-BA method is to show the importance of 
considering a priori information in order to improve the inference process and make 
it more suitable for a class of problems, like the scale-free networks in this work.

The SFFS-BA approach is based on the Probabilistic Gene Networks (PGNs) 
(Barrera et al, 2007), which are established on some axioms. In the SFFS-BA search 
algorithm, it is assumed that the axioms for PGNs are already defined and two new 
assumptions are made:

• For each target gene, adding a new predictor in the subset of predictors, 
which has a cardinality greater than 1, there must be a gain of information 
in predicting the target gene if the chosen predictor is a part of true subset of 
predictors for the target gene. If the information gain with the inclusion of a 
new predictor in its subset of predictors is very poor then the predictor can-
not be part of the subset of the true predictors or there is not enough data to 
perform the prediction. In both the cases, the inclusion of the predictor in the 
subset of predictors should be avoided.

• The network topology follows a power law of connections distribution, which 
means it is a scale-free network.

By considering PGN model and these two new assumptions, the main contri-
bution of this method is to include structural information as a priori knowledge, 
and therefore it can perform a search in a reduced search space and achieve better 
results. The heuristic is based on the idea that genes without predictive genes tend 
to show a random behavior, while genes with real predictors tend to show a more 
ordered behavior. Thus, it is possible to expect that a gene with no real predictors 
in a GRN presents small variation in the criterion function, when trying to identify 
a possible predictor for it. On the other hand, when a target gene has a real predic-
tor, it is expected a different behavior, especially when including a real predictor in 
its subset of predictors. In other words, given a target gene with no real predictor, 
small changes are expected in the criterion function value when new predictors are 
included in its subset of inferred predictors, as shown in Figure 6.

On the other hand, when a target gene has a real predictor it is expected to show 
a different behavior, especially when a real predictor is included in its subset of 
inferred predictors (true positives) as shown in Figure 6 (Normal and IMP - intrin-
sically multivariate prediction (Martins Jr et al, 2008)).

Given the first new assumption, the SFFS-BA algorithm performs a search for all 
individual predictors (best and worst) based on the SFFS-MR1 algorithm (Lopes et 
al, 2010), considering all the genes of the network. In the second stage, the search is 
performed again for all the genes, but the algorithm chooses target genes that provides 



higher gain of prediction (i.e., the value of the criterion function approaches to the 
goal) when its subset of predictors is incremented. Therefore, when a new predictor 
is added in its subset of predictors, the target genes with higher gain of prediction 
have their subsets of predictors preserved for the next iteration. The target genes 
with little improvement in their criterion function results, i.e., poor predictions when 
its subset of predictors is increased, are not considered in the next iterations of the 
algorithm. The target genes that show a subset of predictors which reach the optimal 
value of the criterion function or come very close to, are also not considered in the 
next iterations of the SFFS-BA algorithm. Here, it is assumed that there is noise in 
the input data which may cause small errors in the criterion function. Thus, in each 
iteration the algorithm discards the expansion of subsets of predictors for target 
genes that achieve the optimal value of the criterion function or get too close, and 
assigns a priority queue to target genes, according to the gain in criterion function 
to add a new predictor in its subset of predictors. Therefore, the target genes with 
higher gain are more likely to be chosen by the algorithm to expand its subsets of 
predictors in the next iteration of the algorithm.

Figure 6. Behavior of the criterion function by including new predictors in the subset 
of inferred predictors. The objective is to minimize the criterion function value to its 
optimal value, zero (Reprinted with permission from (Lopes et al., 2014)).



In this context, the topology of scale-free networks and the assumption of the 
gain in function criteria while adding new predictors are considered in the SFFS-BA 
algorithm. This helps to integrate knowledge as a priori information and guide the 
search process in the inference of GRNs from expression profiles.

The scale-free topology, defined in the second new assumption and characterized 
by a power law P(k)≈k–γ in its connections distribution, is used by the algorithm as 
a limiter or “pruning” of the number of target genes that are chosen for the expan-
sion of its subsets of inferred predictors at each iteration. Therefore, the number 
of target genes, considered for expansion at each iteration of the algorithm, is also 
governed by a power law.

Algorithms 1 and 2 together (Figures 7 and 8, respectively), present the formal-
ization of the SFFS-BA approach. Algorithm 1 (Figure 7) starts by considering all 
the available samples of the target gene and its expression values. The initial itera-
tion, i.e., k = 1, is aimed to select the individual predictors for all target genes. In 
this regard, the SFFS-BA (Algorithm 2 in Figure 8) is applied to identify the best 
individual inferred predictors for each of the target genes, which are classified ac-
cording to the adopted criterion function.

An important aspect in the SFFS-BA feature selection method is that the algo-
rithm will explore the search space in steps, i.e., the predictors are chosen itera-

Figure 7. Algorithm 1 - Network Inference
Reprinted with permission from Lopes, Martins Jr and Barrera, Cesar Jr, (2014a)



tively by considering the cardinality parameter k. Another feature is that for k = 1, 
the SFFS-BA algorithm returns all subsets of predictors and their criterion function 
values to explore all individual predictors in the next iteration and to recover the 
predictors of IMP genes more precisely.

Considering the subsets of inferred predictors with cardinality k > 1, the SFFS-
BA algorithm runs by considering only the best subset of inferred predictors for 
each target gene, assuming that some of the true predictors may already be in the 
subset of selected predictors. At the end of each iteration of Algorithm 3.1, the 
target genes are sorted by its prediction gain variation by including a new predictor 
in its subset of inferred predictors. The number of target genes to be considered 
in the next iteration of the algorithm is updated according to a power law given 
by n←n×k–γ and the cardinality of the subset of predictors is incremented (k+1). 
Therefore, in the next iterations (i.e., k > 1) the algorithm will consider only the n 
target genes with higher prediction gains, and will increment the cardinality k of its 

Figure 8. Algorithm 2 – SFFS-BA
Reprinted with permission from Lopes, Martins Jr and Barrera, Cesar Jr, (2014a)



subset of predictors. It is important to note that if a target gene reaches the optimal 
value of the criterion function, or is close enough, it is not considered to increase 
the cardinality of its subset of predictors. The search is performed until the stop 
condition, n < 1, is reached.

In summary, the SFFS-BA algorithm differs from SFFS algorithm (Pudil et 
al, 1994) in operating the combinations of subsets of cardinality k < 3 and in the 
inclusion of a factor that reduces the search space based on the assumption that 
the expression data (input data) are generated from the genetic interrelationships 
that originate from a scale-free network. The parameter, exps, corresponds to a 
set of gene expression profiles where the genes are typically arranged in rows and 
the experiments in columns to form a matrix. The parameter γ is a constant which 
determines the exponential decay of the number of target genes in the next iteration 
of the algorithm.

In Lopes et al., 2014, the constants γ and Δ are chosen as 2.5 and 0.05, repectively. 
The value of the constant γ is chosen as the average value found in the literature for 
this constant. The work presented in Jeong et al., 2000, pointed out that the scale-free 
topology is suitable to represent the metabolic network of the Escherichia coli, which 
has a probability distribution on its connections well approximated by a power law 
with constant γ = 2.2. In some investigations (Jeong et al, 2001; Boccaletti, Latora, 
Moreno, Chavez, & Hwang, 2006) the probability distribution of the interactions, 
for a given yeast protein with k other proteins, follows a power law with γ = 2.4. In 
general, it can be seen that the distributions available in the literature for the con-
nections in the various networks such as the Internet, human collaboration networks 
and metabolic networks follow a power law decay of the number of elements while 
increasing the number of connections, usually in finding the value of the constant 
(decay exponent) in the range 2 < γ < 3 (Albert & Barabasi, 2002; Albert, 2005).

The work described in Lopes et al., 2014, presents some application and results 
of the SFFS-BA approach. Finally, it is possible to find a new approach for GRNs 
inference by considering the small-world network topology in Vicente & Lopes, 2014.

An important trend to overcome the GRN inference issues like accuracy of predic-
tion is to integrate several types of molecular biology data sources (omics) such 
as genomic (SNPs, CNVs, etc), transcriptomic (gene expression), proteomic (PPI 
networks and protein similarity relations), metabolomic and epigenomic (Ray et 
al, 2009, Lopes et al., 2014b). Several researchers (Cui et al, 2010; De Haan et al, 
2010; Macintyre et al, 2010) pointed out that true gene relations can be predicted 
more accurately if a higher number of biological data sources are used in gene in-



ference methods. While biological information is incorporated in gene regulatory 
networks in (Ernst et al, 2008; Seok et al, 2010) to discover transcriptional regulation 
relationships, others (Troyanskaya, 2005; Karlebach & Shamir, 2008; Baumbach et 
al, 2009, Hecker et al, 2009, Ray et al, 2009, Ray, Bandyopadhyay, & Pal; Vicente 
& Lopes, 2012) integrate different biological data for predicting gene relations. In 
our recent investigations the following data sources are mainly used for integration 
and discovering new knowledge in GRN frameworks:

Gene Expression: It is a measure which represents the degree of activity of a gene 
in a cell during various biological processes like cell division, DNA metabolism etc. 
The technology that enables to measure this activity of thousands of genes simul-
taneously is the microarray which contains thousands of spots representing those 
genes. During microarray preparation mRNAs, representing genes, are extracted 
from cells and are converted into cDNAs using reverse transcription and colored 
with a fluorescent dye to measure the intensity level. The intensity level gives the 
amount of expressed genes as compared to unexpressed ones which are colored with 
another dye. Similar experiments are performed at various time points with all the 
genes and the time series data is prepared. For example, the All Yeast data (Eisen, 
Spellman, Brown, & Botstein, 1998) (http://rana.lbl.gov./EisenData.htm), has 6221 
genes and 80 time points and can be used for yeast functional analysis. The similar-
ity between two genes can be extracted by computing Pearson correlation between 
their gene expression profiles. The value lies within -1 to 1.

Phenotypic Profile: The phenotypic profiles method is first demonstrated by 
Brown et al (2006) by using genes of budding yeast. The method proceeds by ho-
mozygous deletion of nonessential genes which respond to agents like cytotoxic or 
cytostatic. The function analysis of genes is performed by hierarchical clustering 
of the quantitative sensitivity profiles of the 4756 strains. From the analysis they 
observed that 860 un-annotated genes are grouped with known genes in various 
clustering solutions. This in turn helped to predict the function of unknown genes 
from the functional enrichment (using p-value) of known genes in a given cluster. 
This phenotypic profile data can be used in a very similar way as gene expression 
data to extract similarity between any two genes using Pearson correlation.

KEGG pathway: The Kyoto Encyclopedia of Genes and Genomes (KEGG) data-
base (Kanehisa et al, 2010) is a collection of all pathway profiles of genes for many 
species. There are more than 200 subprofiles under the main profiles metabolism, 
genetic information processing, environmental information processing and cellular 
processes. This pathway information can be converted to numerical information 
by constructing profile vectors for each gene/protein where each component will 
be marked with 0 or 1 depending on whether that gene/protein participates in a 
particular sub pathway profile or not. For a particular species, the participation of 
a protein in a pathway can be predicted by downloading all the protein sequences, 



except for that species, corresponding to that pathway from Protein Information 
Resource (PIR) database and comparing them with the target protein using BLAST 
(Altschul, Gish, Miller, Myers, & Lipman, 1990). The degree of similarity between 
two proteins can be predicted by computing the ratio of dot product value and OR 
value between their pathway profiles.

Protein Similarity through Transitive Homology: At the present scenario, the 
relations discovered by direct similarity search are already known to the research 
community and one should not expect anything new from this relations. On the other 
hand, protein transitive homologues (Ma, Chim, Cai, Szustakowski, & Nirmala, 
2005; Park et al, 1998) can reveal the relationship between two proteins which can-
not be realized by searching direct sequence similarity/homology. This technique 
works as follows: first, for a given sequence, its homologues are searched within a 
database and then within the same database homologues of these homologues are 
pointed out which serve as transitive homologues of the given sequence. As a typi-
cal database one can use the sequences available from the UniProt (Bairoch et al, 
2005). Further precautions should be taken in the search process such as a threshold 
of 200 residues on total length of the protein alignment to avoid homology arising 
from conserved domains. Further, the similarities arising from the raw BLAST score 
should be normalized within 0 to 1 to make them usable for computing transitive 
homology scores. For example, consider that an intermediate sequence Y identifies 
a transitive homology relation between sequence X and Z. Let us consider that the 
direct normalized BLAST score similarities B(X,Y), B(Y,Z) and B(X,Z) are 0.7, 0.8 
and 0.1, respectively. The direct homology between sequence X and Z is very low 
and cannot be used for further similarity analysis. But interestingly the transitive 
homology between X and Z can be computed as 0.7 x 0.8 = 0.56 which indicates 
a strong transitive relation between X and Z. The basic idea behind this relation is 
that, these two sequences (X and Z) are thought to be a part of the larger sequence 
Y and they separated with the evolutionary process of the original sequence Y. In 
many cases the transitive homologues are seen to identify new relations better than 
the direct homology search (Park et al, 1998).

Protein-Protein Interaction: Protein interactions assemble the molecular machines 
of the cell and represent the dynamics of virtually all cellular responses (Pawson & 
Nash, 2003). It takes place by physical contacts between two or more proteins as 
a result of some biochemical or electrostatic process. The results of such interac-
tion can be observed in the formation of homo-oligomeric or hetero-oligomeric or 
enzyme-inhibitor or antibody-antigen complexes which can be stable or transient. 
Interactions can occur between domain-peptide and domain-domain. In the manual 
curation process the interactions can be of many type such as growth defect, co-crystal 
structure, co-purification, co-fractionation, phenotypic enhancement and suppression, 
affinity capture, two-hybrid, synthetic lethality and protein-peptide experiments. 



These interactions can be useful in constructing GRNs and protein-protein maps in 
the cell and are represented by binary values 1 or 0, depending on the availability 
of interaction. There are several databases like BioGRID (Stark et al, 2006) where 
known protein-protein interactions are manually curated and preserved. For example, 
there are more than 0.3 million yeast protein-protein interactions are available in the 
BioGRID database which are collected from aforementioned interactions.

Comparison Among Data Sources: The aforementioned data sources show certain 
degree of accuracy for identifying true gene relations and functional predictions. 
For example, using yeast data sources the degree of accuracy can be measured by 
positive predictive value (PPV) involving yeast GO-slim process annotations of 
genes in the Saccharomyces Genome database (SGD) (Dwight et al, 2002). Note 
that, GO-Slim annotations are available through a webserver at http://www.yeast-
genome.org/cgi-bin/GO/goSlimMapper.pl which provides the biological processes, 
molecular functions, and cellular components of Yeast Saccharomyces cerevisiae 
genes. At a particular similarity value, extracted from a specific data source, there 
can be thousands of gene pairs. Using these gene pairs the positive predictive value 
(PPV) at a particular similarity value can be defined as:

PPV =
number of predicted pairs with common yeast GO-slim proocess annotations

total number of predicted pairs
 

Figure 9. Comparing the positive predictive values at various similarity values for 
different data sources using Yeast GO-slim process annotations.



Computational methods have begun to forge connections between cellular events 
and to foster numerous hypotheses on gene functions. While gene expressions 
and phenotypic profiles can be used for hypothesis generation, a higher degree of 
specificity is needed for tasks like gene function prediction and gene regulatory 
network inference. This can be achieved by the integration of several data sources. 
However a key requirement to integrate heterogeneous data sources is that different 
data sources should have a unified observational scale such as PPV’s as mentioned 
in the previous section. This allows us to directly compare and integrate the differ-
ent types of datasets. The PPV reflects the accuracy of data sets, but do not provide 
any information about relative importance of one data source in presence of the 
other data sources. Here we describe the method in Ray, Bandyopadhyay, & Pal, 
2009 which is focused on integrating information from data sources in a weighted 
arithmetic mean framework. A `Biological Score’ score, called BS is developed, 
where, PPVs computed from phenotypic similarity (P), gene expression similarity 
(G), KEGG pathway profile similarity (K), protein similarity through transitive 
homologue (B), and protein-protein interaction information (I) between two genes X 
and Y are integrated through weights a, b, c, d, and e in a linear combination style. 
This score is referred to as Biological Score (BS) and is defined as

BS a P b G c K d B e I
a b c d e

=
× + × + × + × + ×

+ + + +
 

where a, b, c, d, and e are varied within range 0 to 100 in steps of 0.1 to find a 
combination that maximizes the PPV of BS for a user defined number of top gene 
pairs. Note that, the weights a, b, c, d, and e are assigned to the complete PPV 
matrices calculated from individual data sources. Intuitively, more important data 
sources should be assigned larger weights than less important ones, while irrelevant 
ones should be assigned zero weight. The following steps are used to estimate the 
weight factors in the BS:

Step 1: All the factors are assigned an initial value of 1.
Step 2: BS values are calculated for all the gene pairs and sorted in descending order 

to identify the gold standard cut-off value above which the top 26432 gene 
pairs are available. The gold standard cut-off value and gold standard of top 
gene pairs are determined from KEGG pathway profiles, which provides 26432 
gene pairs with similarity value 1 and constant PPV of 0.81. These gene pairs 



are the most predictive of all, whereas the PPV of other data sources, as well 
as gene pairs below top 26432 for KEGG pathway profiles, vary considerably.

Step 3: PPV is calculated for the top 26432 gene pairs.
Step 4: The weight factors are now varied in steps of 0.1 and the steps from 2 to 3 

are repeated to find a combination of weights for which the PPV is maximized.

Some typical instances in the exhaustive search process, showing the variation 
of PPV of BS for different sets of weight coefficients, ranging from 0 to 100, in 
steps of 1, are shown in Figure 10. Yeast GO-Slim process annotations are used in 
determining the PPVs.

Once the weights are finalized (optimized) BS can be used for GRN inference. 
To infer GRN here we discuss the methodology developed in Lopes, Ray, Hashi-

Figure 10. Comparing the values of PPV using BS, by varying weight coefficients 
of PPV of different data sources for top 24632 gene pairs. When a particular coef-
ficient is varied the others are kept constant at the values shown in the figure. 



moto, & Cesar Jr., 2014b, called Entropic Biological Score (EBS). It linearly com-
bines the mean conditional entropy (MCE) (Section 2.3.4.2) from expression levels 
and the aforementioned Biological Score (BS). The process of combining is similar 
to that of combining multiple data sources in BS. The best results for EBS are ob-
tained by considering the weights as 0.2 and 0.8 for MCE and BS, respectively, 
where approximately 40% of the inferred connections are found to be correct and 
significantly better than related methods like MRNET, ARACNE and CLR. The 
EBS is validated with the Cell Cycle related functional annotation information, 
available from Munich Information Center for Protein Sequences (MIPS). Some 
typical results, are shown in Figures 11 and 12 which indicate that expression pro-
file is able to recover some true connections that are not present in biological an-
notations, thus leading to the possibility of discovering new relations between its 
genes.

Figure 11. Applying similarity measure,
Similarity A B PPV A B Sensitivity A B( , ) ( , ) ( , )= × , obtained by SFS, SFFS, 
and SFFS-BA (Lopes et al, 2014a), to infer network edges from expression 
profiles with different numbers of time points (signal size).



The living beings respond rapidly to the changes in the internal and external en-
vironment by adjusting their gene expression profiles, i.e., their genes regulation. 
As a result, the gene regulatory networks (GRNs) are capable to adapt with these 
changes. The regulatory systems can be viewed as a complex network of signals 
codified in the genetic material which controls the gene expression dynamics. Such 
dynamics can explain some phenomena like cell differentiation and the develop-
ment of an organism. However, there is still much to be discovered about the way 

Figure 12. The Positive Predictive Value (PPV) reaches the highest value at w=0.8 
for any K. The precision decreases fast when the algorithm does not consider the 
MCE (w=1.0) showing that both expression and topology are necessary to increase 
the precision for SFFS-WS (Vicente & Lopes, 2014). 



by which these alterations in the transcripts and proteins production are related and 
regulated along time. To comprehend this regulatory system is crucial and it is one 
of the main concerns of the Systems Biology studies.

Although a myriad of models and methods for identification of GRNs based 
on gene expression profiles has been proposed in the literature, generally the in-
formation required to validate the inferred network is incomplete or unknown. To 
circumvent this problem, a recent trend in the literature is to incorporate other types 
of information such as global and local topological properties found in biological 
networks, and to integrate other omics data with the traditional transcriptomic data.

Regarding the inclusion of topological properties to improve the GRN inference 
methods, an interactive and floating search strategy, which includes the hypothesis 
that GRNs possess scale free topology as prior information in the inference process 
(Lopes et al, 2014a), is discussed in this chapter in some details. This method is 
adequate and efficient to infer GRNs from temporal gene expression signals hav-
ing small number of samples and a huge number of genes. Such method, called 
SFFS-BA, explores the scale free property by pruning the search space based on 
the power law function where the number of gene targets, chosen to grow their sets 
of predictors, decreases at each step according to this function. SFFS-BA provides 
better results in terms of similarity than SFFS-MCE, which does not include any prior 
topological information. Besides, a method which includes small world features as 
prior information, called SFFS-WS (Vicente & Lopes, 2014), is recently developed, 
showing encouraging results as showed in Figures 11 and 12.

In predicting GRNs, the accuracy of biological data sources as well as the 
integration of several data sources are also very important (Lopes et al, 2014b). 
Protein similarity through transitive homology and KEGG pathway profiles should 
be given more importance than gene expression and phenotypic profiles. In other 
words, one should design a supervised GRN inference method using multiple 
heterogeneous data sources in such a way that the system itself should give more 
importance to data sources with higher positive predictive values (PPVs) by using 
this information. Further, from the analysis discussed in this chapter, it is clear that 
the performance of a GRN inference method using single data sources will be in 
decreasing order for data sources like protein similarity through transitive homology, 
KEGG pathway profiles, gene expression and phenotypic profiles. Its performance 
will be much improved if all the data sources are used together where each data 
source will cover the limitation and low PPV gene relations of other data sources. 
The challenge to the researchers will be in designing a better system to take care 
of the aforementioned PPV related factors. Note that, protein-protein interaction in 
general cannot be used alone to design a GRN as the database does not cover the 
relations for all possible gene pairs.
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