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ABSTRACT

Transcriptional regulation is a fundamental molecular mechanism involved in almost every aspect of life, from homeostasis to development, from metabolism to
behavior, from reaction to stimuli to disease progression. In recent years, the concept of Gene Regulatory Networks (GRNs) has grown popular as an effective applied
biology approach for describing the complex and highly dynamic set of transcriptional interactions, due to its easy-to-interpret features. Since cataloguing, predicting
and understanding every GRN connection in all species and cellular contexts remains a great challenge for biology, researchers have developed numerous tools and
methods to infer regulatory processes. In this review, we catalogue these methods in six major areas, based on the dominant underlying information leveraged to infer
GRNs: Coexpression, Sequence Motifs, Chromatin Immunoprecipitation (ChIP), Orthology, Literature and Protein-Protein Interaction (PPI) specifically focused on
transcriptional complexes. The methods described here cover a wide range of user-friendliness: from web tools that require no prior computational expertise to
command line programs and algorithms for large scale GRN inferences. Each method for GRN inference described herein effectively illustrates a type of tran-
scriptional relationship, with many methods being complementary to others. While a truly holistic approach for inferring and displaying GRNs remains one of the
greatest challenges in the field of systems biology, we believe that the integration of multiple methods described herein provides an effective means with which
experimental and computational biologists alike may obtain the most complete pictures of transcriptional relationships. This article is part of a Special Issue entitled:

Transcriptional Profiles and Regulatory Gene Networks edited by Dr. Federico Manuel Giorgi and Dr. Shaun Mahony.

1. Introduction

The biology of living organisms can be interpreted in terms of in-
formation: information is stored in DNA, processed to RNA and is sub-
sequently translated into proteins to perform several functions through a
cyclic process involving the replication and propagation of information
itself. This stream of information from DNA to protein through RNA
transcription has been defined as the “central dogma” of molecular
biology [1]. The growing knowledge of biological systems has revealed
that transcription is structured in complex gene expression networks
carrying out molecular processes in living cells [2]. The complexity of
living organisms is therefore the result of a multilevel, dynamically
controlled network of gene expression regulation [3] which shapes and
maintains individual phenotypes and also modulates adaptive responses
to environmental changes [4]. Transcriptional regulation is a funda-
mental biological process and much effort has been spent worldwide to
dissect it and identify its key players, in order to understand how its
molecular components collaborate to regulate gene expression levels [5].

Transcription of a gene is usually initiated when cis-regulatory regions on
DNA are bound by a sequence-specific Transcription Factor (TF), and the
transcriptional machinery is recruited to initiate the process [6]. Tran-
scription represents a major control point in gene expression, but it is
only a part of the complex mechanism used by cells to regulate their
molecular repertoire and shape their phenotype. It has been estimated
that the total collection of human TFs consists of around 1600 elements
[71, accounting for almost 8% of all human protein-coding genes, further
divided into > 30 families on the basis of their DNA-binding molecular
motifs [8]. Generally, all kingdoms of life show similar proportions of TF-
encoding genes over the total of genes, with 285 TF-coding genes in
Escherichia coli (7%) [9], 301 in Saccharomyces cerevisiae (5%) [10] and
754 in Drosophila melanogaster (5%) [11].

Decoding the architecture of regulatory interactions has become one
of the main tasks of modern biology [2]. TFs bind genomic DNA often in
complexes to regulate the levels of transcription for each Target Gene
(TG, i.e. any gene whose transcription is influenced by a regulator). The
ensemble of these binding events forms a regulatory network,
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constituting a wired diagram of cellular transcriptional regulation [12].
Understanding how a limited cohort of TFs can finely orchestrate the
broad diversity of gene expression patterns in several cellular types and
conditions is a crucial task for life scientists, and the development of
several molecular biology techniques have opened the way for dissecting
the complexity of cellular regulatory networks [13]. Along with the ad-
vent of high-throughput measurement platforms, the need to develop
new methods for interpreting large datasets emerged from the problem of
handling the increasingly copious amounts of biological data acquired
during experiments. A useful way to describe the complexity behind the
regulatory mechanisms of biological systems is to construct mathema-
tical models to interpret and reverse-engineer cellular functions [14].
This purpose can be fulfilled by creating an evidence-based description of
all the relevant interactions occurring in a certain system, which can
explain its architecture by providing a description of its function and a
predictive model to infer its dysfunction [15].

Thus, Gene Regulatory Networks (GRNs) emerged from this effort as
a powerful tool to describe and computationally reconstruct the com-
plex scheme of interactions behind transcriptional regulation of gene
expression [16]. GRNs are topological maps representing and pre-
dicting relationships between molecular entities. Often, these comprise
the regulatory interactions between a TF and its TGs, but also between
noncoding RNAs and TGs [17]. In general, the definition of “regulator
element” (TF, miRNA, regulatory RNA, enhancer, etc.) and “regulated
element” (a TG) is subjective to the scientist building and analyzing the
specific GRN representation. While this review (and the bulk of scien-
tific literature on GRNs) focuses on coding TF-TG GRNs, some methods
and resources (e.g. coexpression-based tools, see later) allow the user to
manually define the regulators to tailor their analysis.

Conceptually, GRN representations visualize the real underlying
GRN. This real network controls every aspect of transcriptional reg-
ulation, generating phenomena through a “shadowplay” effect [18]
that can be observed and measured (qualitatively or quantitatively) as
biological data. The process of inferring the original system by creating
a GRN representation based on data is commonly called “gene network
reverse engineering” [14] (Fig. 1A).

GRN representations are formed by Nodes and Edges. Nodes usually
represent genes, both coding and noncoding (miRNAs, IncRNAs, etc.),
or regulatory elements like enhancers, cis-acting genomic regions, etc.
Edges represent various regulatory connections (activation, repression,
modulation, et cetera) and they can be weighted to describe the
strength of the regulatory relationship [18] (Fig. 1B).

Unlike other biological networks (e.g. Protein-Protein Interaction
networks), GRNs tend to contain directed edges. While undirected edges
simply state there is a regulatory relationship between any two nodes
(N), directed edges define a clear relationship between a Cause node (C)
and an Effect node (E) (Fig. 1C). This derives from the nature of reg-
ulatory relationships, often characterized by an identified regulatory
node (TF, miRNA, etc.) influencing a target node (TG). Causality can be
defined when GRNs are derived from e.g. perturbation experiments
(e.g. silencing a TF and observing the regulatory effects on TGs). Causal
relationships are however not always evident when GRNs are derived
from large quantitative datasets, such as in the case of a correlated pair
of TFs, since correlation does not underlie causation, nor a specific
causal directionality between the correlated genes [19]. For example,
GRN reconstruction methods based on coexpression (see later) provide
a network of relationships with no information on the directionality of
the identified interactions. In other words, the correlation between two
gene expression levels does not imply a specific causal relationship
between the two, nor a direct one. However, causality can be inferred
using several approaches based on quantitative measurements. One
such method is Granger Causality [20], that requires time-series data to
define directed relationships. Another example is Pearl Causality [21]
which can derive causal relationships in acyclic graphs also given non-
time-series data. Another simple heuristic principle for causality, im-
plemented by several gene network inference methods, hypothesize a
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causal relationship between any two correlated genes wherever the first
(cause) is a TF and the second (effect) is not [22]. Furthermore, a su-
pervised analysis introducing prior knowledge could be applied to
identify or refine directionality in the inferred interactions [23].

In other scenarios, GRNs may provide a distinction between direct
edges (e.g. a TF directly binding the promoter of a TG) and indirect ones
(e.g. a TF inducing an overexpression of a downstream TG, without a
proven direct binding on the TG promoter) [24]. The distinction be-
tween these two edge categories is not always obvious, as it requires
extensive experimental validation to prove a direct connection. More-
over, several GRN reconstruction methods (such as those based on
simple correlation thresholds) cannot distinguish direct from indirect
edges. In fact, in a real network one TF may control the expression of a
TG by regulating a second TF, or a chain of them, resulting in all these
gene expression levels being correlated (Fig. 1D). In this case, indirect
interactions should be weaker than direct ones and mediated via in-
termediate nodes [25]. Conditioning methods such as partial correla-
tion, or information theory methods like Data Processing Inequality
(DPI) can be applied to prune network edges unlikely mediated by a
direct (TF/promoter) interaction [26]. Conditional methods can pro-
vide at the same time causal inferences for some of the GRN edges [24].

Accurate inference of GRNs is crucial to obtain a systematic un-
derstanding of molecular mechanisms governing normal cells and dis-
ease states to further identify new potential therapeutic targets.
Understanding how gene expression is regulated under different con-
ditions has a tremendous impact in several life science subjects, with a
particular focus in basic and applied biomedical research, medicine and
drug discovery, as many dysregulated gene expression programs are at
the basis of a wide range of diseases [27].

The inference of GRNs has proven to be a powerful tool in the study
of essential processes occurring in cellular systems, such as develop-
ment, differentiation, metabolism, adaptation and signaling. Many ap-
plications of GRNs are bringing innovation to research fields such as
human health [28-30] and plant science [31,32].

For example, the reconstruction of causal maps of molecular inter-
actions can be used to derive novel functional hypotheses about reg-
ulatory interactions that can be further investigated and validated ex-
perimentally. Networks can also serve as biomarkers in complex
disorders where the dysregulation of several pathways can be better
predicted from a network perspective and used as a prognostic marker
[33]. To date, there is a huge amount of publicly available large da-
tasets that can serve as input for GRN inference. Since different GRN
reconstruction methods have their own advantages and challenges de-
pending on the type and quality of input data and the purpose of in-
ference [34], many efforts have been undertaken by researchers
worldwide to develop tools that help scientists in characterizing com-
plex relationships between biological entities. Nowadays, several
computational tools are available to make GRN inference easier, re-
ducing computational complexity and obtaining faster GRN re-
construction algorithms.

This Review outlines currently available approaches, resources and
software for GRN reconstruction, giving some practical hints on how to
choose appropriate tools to analyze available datasets and where to find
them. It is intended for biologists and life sciences researchers who are
new to computational methods for GRN inference, but it is also a useful
reference for experienced users willing to get an updated overview on
GRN tools, methods and software. To this purpose, all reviewed
methods and resources are summarized in Supplementary Table 1. Our
review won't focus deeply on the more algorithmic aspects of GRN re-
construction, considering that several comprehensive reviews exist on
the subject, especially for coexpression methods [17,34-36].

We categorize GRN-inference resources in six groups, according to
the approaches taken and the underlying data upon which they operate
(Fig. 2). We further provide a paragraph for peculiar approaches not
falling within any of the six groups, and finally a paragraph high-
lighting best practices for GRN reconstruction via an example.
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Other tools outside these six categories exist, as well as tools based
on the integration of the aforementioned approaches. In fact, the
combination of multiple GRN inference approaches has been proven to
be successful in several cases [37,38]. However, we believe that the
optimal selection of GRN inference tool(s) ultimately depends on the
specific scientific context investigated and must be tailored on data
availability on the specific species, TF, perturbation or cellular context.

2. Coexpression-based resources

Two genes are deemed coexpressed when a significant dependency
between their Transcript Expression Profiles (TEPs) is determined [31].
Coexpression-based tools to infer gene regulatory relationships have
been widely adopted after the introduction of transcriptome-scale
quantification methods of transcript abundances [39]. These tools col-
lect TEPs across multiple data samples generated by high-throughput
platforms such as DNA microarrays, Serial Analysis of Gene Expression
(SAGE) or RNA sequencing (RNA-seq) [40]. TEPs provide multi-sample
quantitative information relative to several transcript species: com-
monly messenger RNAs (mRNA) but also noncoding RNAs (ncRNA) and
microRNAs (miRNA) [41].

There are several available tools for the reverse engineering of GRNs
based on coexpression. Most tools are available as Shell/R/Python data
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Fig. 1. Gene Regulatory Networks. (A) The principle
of GRN reverse engineering. A real GRN (left) con-
trols all aspects of transcriptional regulation in living
cells. What is detectable from it is a metaphorical
“shadowplay” that generates data from qualitative
and quantitative empirical measurements, sometimes
as the result of an experimental perturbation (right).
Data takes many forms, for example ChIP-Seq-de-
rived TF binding locations on the genome, Transcript
Expression Profiles (TEPs) or sequence conservation
information. (B) Basic nomenclature for GRNs: nodes
represent molecular elements, such as TFs or TGs,
while edges describe their relationships. (C) Causality
in GRNs: edges can be directed, defining cause-effect
relationships (top) or undirected (bottom). (D) A
simple GRN with three nodes, where node A activates
node B, which in turn activates node C (real func-
tional relationship depicted by blue arrows). All three
nodes may be correlated and therefore edges may be
drawn between the three of them, but some methods
are able to distinguish direct edges (solid lines) from
indirect ones (dashed line).

analysis pipelines, but some are also distributed as plugins or stand-
alone software. There are also online interfaces to help non-expert users
to take advantage of their services.

Some tools assess simple linear Pearson correlation between TEPs
derived from transcriptomics data [42]. One of the simplest and most
widely used implementation of Pearson correlation for application to
biological TEPs is the R function cor(). However, since quantitatively
non-linear interactions are often present in biological systems, several
tools implement measurements that allow the detection of monotonic
but non-linear dependencies, such as Spearman Correlation [31], or
entirely non-linear relationships, such as pairwise Mutual Information
[43]. A great advantage of coexpression tools is their simplicity and low
computational complexity, and their capability of inferring genome-
wide networks even when a relatively low number of samples (n = 50)
is available [31].

2.1. Gene coexpression online databases

High-throughput gene expression data are commonly collected on
publicly accessible primary databases, the most known of which are the
European Bioinformatics Institute's ArrayExpress [44], the Gene Ex-
pression Omnibus (GEO) [45], supported by the National Center for
Biotechnology Information, and the DNA Data Bank of Japan [46].
Using datasets retrieved from primary databases for GRNs inference
requires a certain expertise in bioinformatics, but this task has now
become easier thanks to the availability of several secondary or deri-
vative tools, which contain curated information extracted from primary
resources and provide a query-driven approach to analyze data [47].
Coexpression databases offer tools to derive gene coexpression scores
across thousands of samples starting from a query gene (or a list of
genes), guiding the user through a user-friendly interface also providing
options to subsequently draw the network.
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Fig. 2. The classification of GRN-inference tools followed by this review.

2.1.1. Xena Browser

The Xena Browser is a large functional online resource collecting
genomics and transcriptomics data from 1617 human cancer datasets
[48]. Broadly speaking, it allows the user to detect associations between
variables measured in such datasets, i.e. somatic mutations, copy
number alterations and TEPs at the level of individual genes or genomic
regions. For the purpose of GRN inference, Xena can be quickly used to
assess coexpression between any human TF-TG pair in cancer datasets.
Furthermore, it allows to detect if somatic genomic alterations targeting
a TF are associated to altered expression profiles of candidate TGs, si-
milarly to KO experiments perturbing a TF, canonically used to infer
candidate downstream TGs. Therefore, this integration of genomics and
transcriptomics data allows Xena to extend itself beyond simple coex-
pression.

2.1.2. ALCOdb, ATTED-II and CORNET

Among the resources specializing in plant networks, ALCOdb is a
coexpression data collection supporting information on two model
algae, Chlamydomonas reinhardtii and Cyanidioschyzon merolae [49].
Exploration of coexpression networks of plant genomes is available at
ATTED-II [50] and CORNET 3.0 [51], which provides coexpression
platforms for nine plant species.

2.1.3. COXPRESdb, GeneFriends and COEXPEDIA

Moving to the animal kingdom, COXPRESdb is a web-based resource
enabling the user to infer and draw gene coexpression relationships in
model organisms (including human, mouse, rat and zebrafish) that

returns also information about the functional enrichment among the
coexpressed genes [52]. Similar functions are also offered by Gene-
Friends [53], while COEXPEDIA limits coexpression inference using in-
dividual studies rather than aggregating multiple datasets, and also
associates coexpressions to indexed MeSH terms to help researchers in
generating biomedical hypotheses [54].

2.1.4. SEEK

SEEK (Search-based Exploration of Expression Kompendia) is a
query-based cross-platform search system containing thousands of
human transcriptomic datasets. It is implemented in a user-friendly
interactive web interface (see Supplementary Table 1), where users can
also find instructions to install it on a local computer. By entering a
query gene set, SEEK returns a graphical representation of coexpressed
genes, which can be further refined in condition-specific contexts (e.g.
for a given tissue, cell type or disease state) [55].

2.2. Mutual Information tools

Mutual Information (MI) is a measure of dependencies between two
variables, developed in information theory. In the context of GRN re-
construction, MI can be used to infer relationships between all gene
pairs (or all TF-TG pairs). The most important advantage of MI is its
ability to infer non-linear relationships between TEPs. However, since
MI was designed for categorical data, the continuous TEPs need to be
reduced into discrete categories or bins, in a process called binning
[56].



D. Mercatelli, et al.

2.2.1. ARACNe

ARACNe (Algorithm for the Reconstruction of Accurate Cellular
Networks) is a MI-based algorithm for the reverse engineering of
transcriptional networks from transcriptome-wide gene expression data
[14,43]. The ARACNe approach relies on the identification of TF-TG
gene pairs that exhibit similar transcriptional fluctuations by measuring
the MI between their expression profiles. The TEPs in the original
ARACNe implementation are binned using a Fixed-Bandwidth (FB)
approach that divides the joint TF-TG distribution into evenly spaced
categories. Initially, ARACNe is provided with a gene expression dataset
and with a list of TFs (every other gene is considered a TG). All pairwise
TF-TG MlIs are then calculated, and the edges above a certain global
significance threshold (defined by the distribution of MIs in multiple
permutations of the dataset) are kept. To cope with possible associa-
tions deriving from indirect interactions (Fig. 1D), ARACNe applies an
information-theory step known as Data Processing Inequality. Briefly,
the algorithm evaluates all possible scenarios where there is support for
a TG to be regulated by two or more different TFs (TF1 and TF2).
Within each TF1-TF2-TG triplet, the TF-TG edge with the smallest MI is
pruned, while the most likely TF-TG interaction is kept. This process is
repeated for all possible triplets within the GRN. Then, bootstrapping of
the initial expression matrix is performed, taking (by default 100)
bootstraps (i.e. new data matrices with the same size as the initial one
but with individual samples omitted or repeated once or multiple times
by chance). The MI significance and DPI are recalculated in all boot-
straps. Some edges can be rescued in these bootstrapping steps if they
survive pruning in a significant number of bootstraps (the significance
is assessed by a Poisson distribution), and in the final weighted GRN
each TG can be connected to more than one TF. ARACNe's inferred GRN
prediction has been experimentally validated for the MYC TF by ChIP in
human B cells [57] and it was shown that inferred networks recover
known functionally characterized TF modules, while reliably predicting
novel module components [58]. It is possible to use ARACNe from the
command line using cross-platform code available at [43] and as an
online graphical ARACNe included in the geWorkbench website [59].
There are several R implementations of the MI algorithm used by
ARACNe within the R Bioconductor packages minet [60] and RTN [61].

2.2.2. minet, CLR and MRNET

On top of providing ARACNe implementation, minet is an R package
that collects several methods to perform mutual information calculation
for inferring GRNs. In particular, minet provides two extra MI-based
algorithms: CLR (Context Likelihood of Relatedness) and MRNET
(Maximum Relevance/Minimum Redundancy NETwork inference
method) [60]. Differently from ARACNe, which uses a global threshold
for graph pruning, CLR allows to establish individual thresholds for
each gene pair. MRNET incorporates the minimum redundancy max-
imum relevance feature selection method, which iteratively searches
for direct interactions.

2.2.3. TimeDelay-ARACNe, hARACNe, ARACNe-AP, GPU-ARACNe and
SJARACNe

Different extensions of the ARACNe algorithm have been released:
TimeDelay-ARACNe can be used for GRN inference from time-course
expression data [62]. The hARACNe algorithm uses higher-order Data
Processing Inequality resulting in a significantly improved inference
performance [63]. ARACNe-AP extends the fixed-bandwidth original
ARACNe algorithm for binning expression profile with an adaptive
partitioning strategy for MI estimation, achieving a dramatic im-
provement in computational performance [43]. GPU-ARACNe is a
parallel implementation of the original algorithm using the NVIDIA
CUDA framework to accelerate computing by taking advantage of
multi-core and multi-level parallelism [64]. Recently, STARACNe, a new
scalable solution implemented in C+ + and Python has been pre-
sented. SJARACNe further improves the computational performance
over ARACNe-AP, consistently reducing memory usage to let
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researchers efficiently run large dataset analysis on common laptops
[65].

2.2.4. RTN and RTNsurvival

RTN is an R package to infer gene regulatory networks using MI or
other methods (such as standard Pearson Correlation) and to associate
GRN expression with genomic features, offering several plotting tools to
focus on specific TF clusters [61]. RTNsurvival is a recently released R/
Bioconductor package able to integrate GRNs inferred by RTN with
survival analysis [66]. Given the averaged expression of all TGs con-
nected to a specific TF in a defined patient cohort, RTNsurvival performs
Kaplan-Meier analyses and Cox Proportional Hazards regressions based
on TF-centered GRNs rather than individual TEPs. This is particularly
interesting, since genes are often not individually important for patient
survival while appearing to be highly predictive in Kaplan-Meier ana-
lyses, due to the fact of being correlated to the causal determinant of
clinical outcome [67].

2.2.5. C3NET

Finally, C3NET is a causal GRN inference algorithm available as an
R package showing lower computational complexity and similar per-
formance compared to ARACNe and minet package methods [68].

2.3. Bayesian network structure learning tools

Bayesian networks are probabilistic models combining Bayesian
models, probability theory and graph theory. Considering a group of
random variables, a Bayesian network aims at representing their con-
ditional dependencies with a directed acyclic graph describing also the
local joint probability distributions of all the interactions, i.e. the re-
lationships between all transcripts that have been measured in the same
samples.

A directed acyclic graph is a network with directed edges indicating
causal dependencies between nodes and no cycles or loops [69].
Bayesian modelling requires two steps. 1) Parameter learning for each
node, i.e. the formalization of TEPs fluctuations in the dataset by
themselves (marginal distribution) and related to other TEPs (condi-
tional distribution). 2) General GRN structure learning, i.e. the identi-
fication of the best topology that explains the observed data [70].
Bayesian network approaches offer a powerful tool to combine different
data types obtaining information on the causation relationships among
nodes, and are less sensitive to noisy data [37]. Some limitations need
to be taken into consideration when inferring a network applying
Bayesian methods: the number of possible network topologies shows a
super-exponential increase with the number of genes, which reduces
the possibility to compute the structure of all possible networks and
requires significant computational power. Moreover, traditional Baye-
sian approaches cannot model cycles (i.e. biological regulatory loops),
because they are generally designed for Directed Acyclic Graphs (DAGs)
[71]. A way to overcome this limitation is to use dynamic Bayesian
modelling. Paying the cost of an increased computational complexity
and longer times required, dynamic Bayesian networks can model
cyclic interactions by introducing temporal relationship between a se-
quence of acyclic events [72]. Several Bayesian network structure
learning tools are available for GRN inference.

2.3.1. Banjo

Banjo (Bayesian Network Inference with Java Objects) is a com-
mand line program written in Java that uses Bayesian network frame-
works to result in a directed inference network from discrete variables,
but also implements simple discretization functions for continuous
variables using either quantile or interval discretization methods.
Multiple threading has been added in version 2.1, while the current
version (2.2) introduced the possibility to perform parallel search on a
large computer cluster [73].
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2.3.2. CatNet, G1IDBN and GRENITS

CatNet is an R package collecting functions for discrete Bayesian
network structure learning and parameter estimation using likelihood-
based criteria. This method focuses on reconstructing GRNs from in-
complete data [74]. G1IDBN (Graph 1 Dynamic Bayesian Network) is an
R package whose inference pipeline is performed using first order
partial dependencies to remove indirect relationships similarly to par-
tial correlation. While powerful even on a small number of observa-
tions, GIDBN is limited to the reconstruction of directed acyclic net-
works [75]. GRENITS (Gene Regulatory Network Inference Using Time
Series) is a Bioconductor package implementing several Bayesian
methods to infer linear interactions, linear interactions in the presence
of experimental noise, and nonlinear interactions. It focuses on in-
ferring GRNs based on time course data, where the behavior of TFs in
early data points can be related to candidate TGs early on [76].

2.3.3. GeneNet

Last but not least, GeneNet is a very efficient and easy-to-use
Bayesian partial-correlation-based method to reconstruct GRNSs. It can
calculate full order partial correlation even in datasets with more genes
(features) than samples, through a pseudoinverse operation, and it has
been successfully tested on large-scale gene association networks [77].
GeneNet is available as an R package, which provides a useful cor2pcor
function to convert correlation matrices in partial correlation matrices
(a useful transformation to remove indirect edges). The current version
of GeneNet allows also inferring directionality for some of the edges in
the network.

2.4. Differential equations-based methods

Dynamic systems can be accurately modelled by applying ordinary
differential equation (ODE) approaches. In GRN reconstruction, ODEs
are learned from gene expression data, from multiple samples (both
time-series and non-sequential data) and upon specific TF perturba-
tions, with the purpose to fully discover all rates of transcript genera-
tion, half-life and degradation. ODE methods are naturally suited to
model also non-linear relationships, as they model what are essentially
RNA chemical reactions that can show a wide range of kinetic behaviors
[78]. ODE methods can be extremely computationally intensive as they
model multiple solutions to explain observed TEP fluctuations in the
data. Introducing constraints, in the form of known kinetic parameters
or prior knowledge of GRN structure can be extremely beneficial to
ODE-based methods [17].

2.4.1. Inferelator

Inferelator is a method for deriving genome-wide transcriptional
regulatory interactions, originally based on the inference of in-
dependent ODEs explaining the TEPs upon several experimental per-
turbations [79]. Inferelator simplifies ODE inference by introducing
prior knowledge from manual gene annotations and by network
structure inference through the generation of gene-centered linear or
polynomial regressions with L1 constraints [80]. In other words, each
TEP is explained by a combination of a limited subset of the other TEPs,
a GRN where ODEs are defined to explain the observed data. A great
advantage of this method is the capability of modelling not only TF/TG
interactions, but also dynamic and kinetic parameters for transcription
rates. However, while extremely successful in reconstructing unicellular
GRNs, Inferelator becomes extremely computationally intensive to infer
higher organisms' gene relationships.

2.4.2. TSNI

TSNI (Time Series Network Identification) is a differential equa-
tions-based GRNs inference method available as a MATLAB package.
The purpose of this method is to infer the local network of gene-gene
interactions surrounding a gene of interest by measuring TEPs at mul-
tiple time points focusing on the perturbation of only one (or a few)
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genes of interest [81].
2.5. Hierarchical clustering of gene co-expression networks

Hierarchical clustering is a common method applied to extract
modules from GRNs to generate graph subunits for subsequent char-
acterization. Clusters are identified by iteratively assigning nodes to
clusters by weighting network vertices and progressively including
neighboring vertices starting from high weights.

2.5.1. WGCNA

WGCNA (Weighted Correlation Network Analysis) generates gene
coexpression networks based on pairwise TEP correlations. It became
popular through its main R package implementation, which provides a
collection of functions for network reconstruction and visualization
with different thresholding and correlation methods [82]. WGCNA can
be used to generate and explore clusters of highly correlated genes
defining modules, to explore relationships between genes and modules
or among modules (eigengene networks), to calculate network topolo-
gical properties and to describe the correlation structure between gene
expression and other high-dimensional data. Furthermore, WGCNA
includes interfaces with commonly used bioinformatics tools for net-
work visualization, such as Cytoscape [83].

2.5.2. HCCA

HCCA (Heuristic Cluster Chiseling Algorithm) is an algorithm
written in Python which generates a gene-gene correlation matrix as a
starting network, then for each node generates node vicinity networks
by collecting all nodes within defined steps away from the seed node,
and then iteratively removing nodes with higher connectivity to the
outside. Filtering according to the desired gene group size is then ap-
plied to the resulting clusters, which are ranked by outside to inside
connectivity ratios. Only non-overlapping clusters are retained in the
resulting GRN [84].

While not specifically designed to predict direct TF-TG interactions,
clustering methods such as WGCNA and HCCA can be directly applied
for GRN inference by defining each cluster containing a TF as a coex-
pression-based GRN model: the TF will be the predicted regulator, and
all the other genes will be the candidate TGs. When multiple TFs are
present in a cluster, the direct regulatory structure can be calculated by
local cluster full order partial correlation [77].

2.6. Single-cell GRN inference coexpression tools

Inference of GRNs using high-throughput single-cell RNA-Seq
(scRNA-Seq) data can be achieved by using the tools and methods
discussed above. However, due to the intrinsically noisy nature of such
datasets, poor performances have been shown for most methods [88].
Drop-outs in single-cell expression datasets, i.e. genes that remains
undetected due to low technical efficiency of mRNA capture, represent
one of the major issues in inferring GRNs [85]. Thus, a compelling need
for developing dedicated methods exists. To date, few tools specifically
designed to handle single-cell data for GRN inference are available,
which only allows for reconstruction of simple models [86].

2.6.1. ACTION

ACTION is a pipeline for single-cell RNA-seq analysis written C/C+
+, R and MATLAB. The ACTION framework identifies clusters of genes
whose expression is predominant in defining the identity of each cell,
and then infers which GRNs are responsible for the measured tran-
scriptome. The collective GRN profiles from all single cells derived from
tumor samples were used as network biomarkers to stratify melanoma
patients according to clinical outcome [87].

2.6.2. BTR and SCNS
BTR and SCNS are Boolean network-based algorithms tailored for
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single cell data. In brief, Boolean algorithms define interactions be-
tween predefined TFs and TGs using Boolean logic operators. A binary
state is associated to each gene according to its expression profile: lower
expression or silenced genes are assumed to be inactive (0), while up-
regulation is associated with an active state (1) [88]. Every cell in a
Boolean networks is classified into a state, defined on the TF expression,
and cells having a limited number of differences are connected, ob-
taining a state-graph which infers key TFs involved in state changes
[86]. Boolean models are quite robust in handling the effect of drop-
outs. SCNS (Single-Cell Network Synthesis) is a toolkit for the genera-
tion of Boolean GRNs from single-cell gene expression data. It was
successfully used to model the GRN of blood development [89] and it is
particularly suited to understand transition states and network rewiring
upon perturbation of a cell population. BTR (BoolTraineR) is an R
package available at CRAN. Differently from SCSN, which requires a
connected state transition graph, BTR can infer both Boolean rules and
network structure without needing information on trajectories through
cell states [90].

2.6.3. MTL

MTL (Multi-Task Learning) is a recently developed method to infer
GRNs from distinct datasets and then integrate them [91]. This provides
an advantage over GRN reconstruction arising from a merged dataset,
due to batch effects and different numbers of samples between condi-
tions. The ideal data scenario for the application of MTL is that of
scRNA-Seq, where thousands of cells carrying similar TF perturbations
can be generated. This method was tested on a yeast (Saccharomyces
cerevisiae) single-cell dataset, composed of TEPs from 38,000 cells with
different genotypes and with multiple measurable TF knock-outs. The
method was successfully benchmarked against the known yeast TF-TG
interactions [92]. One promising aspect of MTL is that it can work on
raw scRNA-Seq data, i.e. transcript counts without imputation (a
common operation that tries to predict zero-count transcripts caused by
dropout effects [93]).

2.6.4. nlnet

nlnet was designed to detect non-linear direct associations between
TEPs (and specifically TFs vs TGs) in single-cell data, as well as classic
linear relationships (such as those detected by Pearson correlation).
Using the distance measure DCOL (Distance based on Conditional
Ordered List) to efficiently compute transcriptome wide pairwise mar-
ginal non-linear associations, ninet can infer a large quantity of candi-
date GRN edges [94]. This method is available as an R package at
CRAN.

2.6.5. SCODE

SCODE is an R implementation to infer GRNs from single-cell data
through regulatory dynamics based on linear ODEs. It showed good
inference performances in predicting GRNs across cell differentiation,
but it requires continuous time expression data [95].

2.6.6. SINCERA

SINCERA is a computational pipeline implemented in R in-
corporating the GIDBN inference method optimized to handle single-
cell RNA-seq data. It includes the possibility to integrate data, methods
and external knowledge for GRN reconstruction [96].

2.6.7. VIPER

VIPER (Virtual Inference of Protein-activity by Enriched Regulon
analysis) is a regulatory-network based approach for the accurate as-
sessment of protein activity from both bulk [22] and single-cell gene
expression data [30]. While not generating coexpression networks di-
rectly, VIPER can interrogate them (e.g. those generated by ARACNe) to
infer which GRNs are responsible for a differential expression signature
(e.g. cancer vs. normal tissue) or which GRNs underlie clustering
structure in large transcriptomics datasets [97]. VIPER provides
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differential GRN-specific activity scores, which can be detected in a
multi-sample fashion or in a sample-by-sample basis. The VIPER algo-
rithm is available as an R-system package from Bioconductor con-
taining two methods: the multi-sample msVIPER and the single sample
ssVIPER. ssVIPER method allows transforming a gene expression matrix
into a protein activity matrix representing the relative activity of each
protein in each sample. Using these VIPER-inferred GRN aggregated
profiles, rather than individual gene expression profiles, has been
shown to be beneficial for noisy datasets such as low-coverage RNA-Seq
or single cell RNA-Seq [22,30].

2.7. Other coexpression tools

2.7.1. BiRewire

BiRewire is an open-source Bioconductor package implementing
functions for the randomization of bipartite graphs maintaining their
node degrees and generating rewired versions of the same graphs [98].
The switching algorithm of BiRewire can generate randomized versions
of a binary event matrix that for genomic data corresponds to a binary
table in which the generic entry is equal to 1 if the gene in the corre-
sponding sample is altered and is equal to O otherwise. BiRewire is
specifically suited to model GRNs (with both indirect and directed
edges) and GRN rewiring in cancer, where genomic alterations causally
determine transcriptomic changes [30]. In these contexts, BiRewire is
able to directly link and model genomic alterations to GRNs, with the
optional implementation of prior knowledge of biological data. A recent
implementation of BiRewire massively increases its speed in large
transcriptomic datasets [99].

2.7.2. CCREPE

CCREPE (Compositionality Corrected by Permutation and
Renormalization) is a correlation-based tool that can assess associations
between features (e.g. gene TEPs) in compositional data (i.e. sparse
datasets where not all the features are measured in all samples).
CCREPE is available as a Bioconductor package [100] and it can be used
to infer TF-TG associations in full and sparse expression datasets, such
as those arising from a combination of different microarray platforms or
single-cell RNA-Seq. CCREPE applies a specific pipeline that reduces
spurious correlation arising from compositional datasets, where fea-
tures can result as over-correlated simply because they are concurrently
not measured. Finally, associations between genes are calculated using
standard Pearson or Spearman correlation, or a specific correlation for
sparse data, dubbed the N-dimensional Checkerboard (NC) score.

2.7.3. GENIE3

GENIE3 (GEne Network Inference with Ensemble of trees) is a de-
cision tree-based method which has emerged as the best performer in
the DREAM4 in silico multifactorial challenge. It is a GRN inference
method based on variable selection with ensembles of regression trees.
In contrast to linear regression models, tree-based approaches do not
make any assumption about gene regulation nature, enabling the pos-
sibility to manage combinatorial and non-linear interactions. Random
forest regression is one of the most prominent examples of tree-based
approaches. It can produce directed graphs of regulatory interactions
allowing for the presence of feedback loops in the network, thus ob-
taining realistic GRNs [101]. GENIE3 is available as a MATLAB, Python
and R package. Since its initial implementations, extensions have been
proposed to handle time-series data (e.g., dynGENIE3) [102].

2.8. Validation of coexpression GRNs

Reconstructing realistic GRNs from expression data based on coex-
pression is a very difficult task. Validation and benchmarking of net-
work inference methods is therefore a necessary step when trying to test
the correctness and robustness of reconstructed GRNs. NetBenchmark is
an open-source and freely available R/Bioconductor package offering



D. Mercatelli, et al.

an easy and convenient benchmarking framework containing R im-
plementations of several methods, like ARACNe, C3NET, CLR, GeneNet,
GENIE3, and many others. While the NetBenchmark package code is
mainly written in R, it contains some functions written in C+ + that
speed up time-consuming processes, optimizing resources usage [103].
Similarly, GeneNetWeaver is a tool to develop in silico GRNs and pro-
duce artificial gene expression data for performance profiling of in-
ference methods [104]. Coexpression GRN validation can be manually
performed by assessing specificity and sensitivity of the inferred edges
with gold standards of validated species-specific interactions (some of
which are described in the Literature-based chapter). In the end, the
final validation of coexpression GRNs (and truly of all inferred GRNs),
requires experimental validation in the appropriate conditions, via e.g.
specific TF perturbations (knockout or overexpression) or alterations of
TG's regulatory elements (promoters or enhancers) to define the mo-
lecular basis for each inferred regulatory edge.

3. Sequence motif-based resources

The identification of known and conserved DNA sequence motifs
recognized by TFs in the regulatory region of genes is a widespread way
to reconstruct GRNs [105]. A DNA-motif is a short conserved sequence
located in the promoter region of a gene, acting as recognition site for
transcriptional regulators. Each TF typically recognizes a collection of
similar DNA sequences corresponding to its binding site motifs, com-
monly represented as a position-weight matrix (PWM) or as a Hidden
Markov Model (HMM) describing the probability of a given nucleotide
to hold a specific position in the DNA sequence [106]. The binding of
co-factors and the sequence context, including flanking sequences and
DNA shape, contribute to modulate specific TF-DNA recognition [8].
Collections of such sequence motifs are listed in databases such as
JASPAR and TRANSFAC (see Section 7), and several computational
methods for prediction and discovery of putative TF binding sites are
available [107]. The characterization of DNA-motifs can help defining
network modules, which are sets of genes co-regulated by the same cis-
regulatory motif. Genes belonging to the same module are assumed to
share the same properties. Regulatory motifs can be used to build GRNs
where edges represent a predicted physical interaction between a TF
and a TG (i.e. a physical regulatory network), but can be also used as
prior knowledge to integrate network inference with expression data to
understand TF-TF and TF-TG interactions supporting functional in-
formation [34,38]. Since the primary interest when reconstructing a
transcriptional network is to focus on the interactions between reg-
ulators and targets, integrative approaches reduce the complexity of the
inference problem by identifying regulators on the basis of common
features, such as DNA-binding motifs, therefore reducing the number of
parameters to be estimated. This approach has become increasingly
common, as new computational methods and resources are available.
Motif analysis is a powerful method to infer GRNSs, since physical in-
formation is the most informative feature to infer a transcriptional
network. However, the presence of a regulatory motif is only slightly
predictive of gene expression, because the expression level of a single
gene also relies on other factors, such as the occupancy state of multiple
TF binding sites. Motif-analysis integrated with other omics data
usually produce more robust models [34,38].

Motif-based inference of GRNs has not to be confused with tran-
scriptional network motifs inference. A general topological property of
biological networks is that they contain small recurring circuits of in-
teraction patterns, or recurring subnetworks, known as “network mo-
tifs” [108], whose tractation is beyond the scope of this review.

3.1. Motif databases
3.1.1. MEME suite

The MEME suite is the most complete collection of tools for dis-
covery and analysis of sequence motifs. It offers a set of different
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programs organized in a web server interface to let users perform five
types of motif-based analysis. 1) De novo motif discovery on a set of
sequences. 2) Enrichment analysis of known motifs and user defined
motifs in the promoters of a gene set. 3) Finding matches to user pro-
vided motifs in a set of sequences. 4) Querying novel motifs sets for
similarity with known motifs, even in other species. 5) Prediction of
regulatory links between genomic loci and gene expression [109].
These tools can be focused to find motif-based candidate TGs for a
specific TF, or to find a TF best explaining the common behavior of a
gene set (e.g. genes upregulated upon drug perturbation). MEME suite
toolkit and databases are available for download to be run on a local
computer.

3.1.2. mirBASE

Since 2002, mirBASE is the primary public resource for miRNA se-
quences and annotation, and therefore a tool for reconstructing GRNs
for miRNAs and their targets. mirBASE succeeded in establishing a
uniform system to assign names to newly discovered miRNAs and to
provide a comprehensive and freely searchable miRNA public registry.
In its latest release (v22), it contains 38,589 entries from 271 organisms
[110]. Its web-interface allows users to search by specific miRNAs,
miRNA families or keywords, returning information on the predicted
hairpin of the primary transcript and the mature miRNA, along with
sequence homology, possible targets and links to literature references.
All sequences and data contained in mirBASE are available for down-
load.

3.1.3. MotifMap

The MotifMap tool allows to search model organism genomes
(human, mouse, fruit fly, yeast and Caenorhabditis) for known TF
binding motifs. It can be used as a GRN reconstruction tool in a TF-
centric manner, through its “Motif Search” functionality, allowing to
search for a specific TF or a specific motif over the genome, focusing on
promoter regions of TGs. It can also be used as a TG-centered tool via
the “Gene Search” mode, which identifies all TF putative binding sites
in regions close to a user-defined Transcription Start Site (TSS) [111].

3.1.4. PlantPAN

PlantPAN (Plant Promoter Analysis Navigator) is a vast online re-
pository describing GRNs for 17,230 TFs from 78 plant species [112].
For each TF family, it provides position-weight matrices to define the
sequence binding motifs, which can be used to find putative novel TGs
as new plant genomes become available. It can be queried with a spe-
cific TG, TF, or binding motif, and it can yield both a GRN model or
likely TF cofactors via enrichment of binding motif co-localization.

3.1.5. TargetScan

TargetScan is a web-based tool that catalogues miRNA-target known
interactions, while allowing predicting new targets, by querying for a
gene or miRNA (family) of interest [113]. Extending the miRNA-TG
GRNs contained in TargetScan is performed through predictive binding
of miRNA seed sequences to 3’UTR regions of candidate TGs, a common
target region for miRNA-mediated silencing. The tool provides also a
companion package, TargetScanTools, that allows predicting expression
changes in response to a miRNA perturbation and training models to
predict miRNA targets.

3.1.6. CIS-BP

CIS-BP is an online repository of binding motifs for TFs, spanning
734 species (with specific focus on model organisms), 160,862 motifs
(2.8% experimentally validated and the rest inferred by electronic an-
notation and orthology analysis) and a total of 384,465 distinct TFs
[114]. The interface is extremely user-friendly, as it allows to quickly
search for a TF identifier (using the full gene symbol or wildcards)
specifying the organism, the level of evidence (direct, inferred or both)
and the type of experiment from which the motif information was
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derived. The database can be fully queried online or downloaded for a
genome-wide analysis. However, while CIS-BP is one of the most
complete DNA binding motif databases currently available, the con-
version of the motif information into TF-TG relationships is not trivial,
and it requires the user to perform the extra step of identifying the motif
occurrence in the promoter/enhancer regions associated to TGs.

3.2. Motif-based tools

3.2.1. DNAShapeR

While most tools described here define “motif” as a specific (even if
fuzzy) pattern of nucleotides, DNAShapeR defines sequence-based DNA
motifs as DNA structural shape parameters [115]. This recently pub-
lished method that predicts several topological features using known
crystallized DNA structures and a machine learning algorithm that
slides over long stretches of DNA. Its current implementation (available
as an R package) is able to predict Minor Groove Width (MGW), Elec-
trostatic Potential (EP), Propeller Twist (ProT), Helix Twist (HelT) and
Roll (Supplementary Fig. S1). The notion that TFs can recognize specific
DNA shapes in the promoters of genes has been leveraged by the
DNAShapeR team to predict TGs of specific TFs and reconstruct GRNs in
an implementation called TFBShape [116].

3.2.2. HOMER

HOMER (Hypergeometric Optimization of Motif EnRichment) is a
collection of command line tools for de novo motif discovery supporting
several model organisms. HOMER lets the user to analyze list of genes
or genomic positions for enriched motifs. It can identify the most en-
riched sequences (de novo discovery), or the most enriched known
motif in a target set of interest, and also perform gene ontology analysis
[117]. The HOMER suite contains tools to analyze and annotate Next
Generation Sequencing (NGS) data (ChIP/DNase/ATAC-seq) to find
enriched peaks, regions and transcripts.

3.2.3. iRegulon and i-cis Target

iRegulon and i-cis Target [118] allow searching for overrepresented
TF binding sites in a given input using a wide collection of position-
weight matrices and ChIP-seq tracks from different species. While iR-
egulon detects potential regulators and their TGs from a user-loaded
input list of co-expressed genes, i-cis Target allows the user to input
either gene names or genomic regions, enabling the use of different
datasets like ChIP-seq, DHS-seq, FAIRE-seq or ATAC-seq experiments.
Both tools predict the most significant TFs of a given set and return
direct and indirect TGs. The resulting output network can be loaded and
visualized in Cytoscape.

3.2.4. ISMARA

ISMARA is a web tool allowing to analyze gene expression or ChIP-
seq datasets to identify the key regulators (TFs and miRNAs) driving
TEP or chromatin state changes, with the capability to operate on time
course data. ISMARA integrates a computational method to reconstruct
transcriptional regulatory dynamics by leveraging TF binding site pre-
dictions to model gene expression in terms of regulatory motif activ-
ities. The output of ISMARA analysis includes the inferred activity for
each regulatory motif across samples, functional and pathway enrich-
ment analysis, and TF-TF direct interactions prediction [119].

3.2.5. MERLIN+P

The MERLIN + P framework extends the expression based GRNs in-
ference algorithm MERLIN, a Bayesian framework of learning a prob-
abilistic graphical model integrating additional structure priors such as
sequence-motifs, ChIP data or gene knockout experiments. As shown in
[120], prior-based methods greatly improved the inferred network
structure compared to other methods without integrated prior analysis.
Interestingly, MERLIN+P enables the possibility to integrate all the
three prior networks (coexpression-based, ChIP-Seq-based and motif-
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based) resulting in higher predictive performances over methods in-
tegrating only one prior source.

3.2.6. PANDA

PANDA is an algorithm specifically developed to reconstruct
genome-wide GRNs by integrating gene expression, protein-protein
interaction and sequence motif data. Different from message-passing
models, the PANDA method searches for agreement between different
data types by using the information from each type to iteratively refine
predictions in the others. Originally used to reconstruct a condition-
specific network in yeast [121], the method is scalable for higher eu-
karyotes. PANDA is implemented in several programming languages:
MATLAB/Octave, C/C+ +, Python and R.

3.2.7. TF2Network

TF2Network is a web-based tool to predict candidate TF regulators
from a set of co-expressed or functionally related genes in Arabidopsis
thaliana, allowing the integration of PPIs as well as co-expression in-
formation [122]. The output of this tool consists of a list of regulators
with positively or negatively correlated TGs, together with information
on the enrichment statistic score. Interactive GRN visualization in a
Cytoscape panel is integrated.

3.3. Single-Cell resource

3.3.1. SCENIC

SCENIC is an R package to infer GRNs by single-cell expression data
using cis-regulatory sequences in a three-step workflow: in the first step,
GENIE3 is applied to identify sets of genes coexpressed with TFs, then
motif analysis is applied to each coexpression. Motif analysis is oper-
ated by RcisTarget, which is a Bioconductor package identifying reg-
ulatory motifs over-represented on a gene list. Only significantly en-
riched motifs are retained in the model. Finally, the regulatory
subnetwork is used to cluster cell types and states. The current version
of SCENIC supports human, mouse and fly data analysis. A Python
implementation of this method is also available [123].

4. ChIP-based resources

Although the presence of a given TF binding site in the promoter or
enhancer region of a gene may suggest its transcriptional regulation,
the sole information on its binding motif does not prove the existence of
a TF-TG interaction in a given context, for example due to tissue-spe-
cific chromatin accessibility or tissue-specific availability of a key co-
transcription factor required for the functional TF binding. In fact, an
essential step in the definition of GRNs is to identify the associations
between TFs and the genes they regulate and to establish the correct
nature of their relationship (i.e. context-specific activation or repres-
sion) [124]. Great advances in this field have been made possible by the
development of new laboratory techniques enabling the identification
of TF-DNA binding sites on a genome scale, providing a measurement of
epigenetic regulation of genes. One of such techniques is Chromatin
Immunoprecipitation (ChIP), a method which allows to extracting and
isolating specific protein-DNA chromatin complexes from living cells
[125]. Coupling ChIP to high-throughput techniques such as NGS se-
quencing (ChIP-seq) or DNA microarrays (ChIP-chip) allows identifying
a map of genome-wide binding sites for the TF under investigation,
which can be used as input to infer GRNs [126]. Associating TF binding
regions to target gene expression is crucial to build GRNs from ChIP
data [127], and several databases are now available collecting hun-
dreds of such datasets that are publicly accessible [126]. A set of tools is
available to interpret and annotate peak calls, which are the sig-
nificantly enriched regions of interest defining TF binding sites from a
ChIP experiment [128]. Peak annotation tools mainly focus on the as-
signment of each peak to the corresponding gene by applying methods
to calculate the proximity of the closest TSS in the direct neighborhood.
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Most widely used peak annotation tools include HOMER (see above)
[117], GREAT [129] and many others, which are reviewed below.

Discovery of gene regulatory modules from DNA occupancy is dif-
ficult, because physical interaction between regulators and DNA regions
alone does not provide sufficient functional information. Integrating
TEPs with chromatin state and TF location analysis provides a com-
plementary method to infer more robust GRNs. While it is difficult to
determine direct interactions from transcriptomic analysis alone, the
use of ChIP-seq information can help to identify such interactions
within a GRN, improving the resulting model [127]. GRAM (Genetic
Regulatory Modules) was one the first algorithms to reconstruct GRNs
by integrating TEPs with ChIP data by using 106 TF ChIP-Chip data and
500 expression profiles in Saccharomyces cerevisiae [130]. Since then,
many other methods and tools have been developed to integrate ChIP
data in GRN inference methods and pipelines.

For the sake of the current review, we identified two classes of re-
sources that can be useful for GRN reconstruction: 1) databases that
collect and provide context-specific ChIP-Seq information. 2) Tools that
annotate ChIP-Seq data, often associating “peaks” (regions where the
ab-targeted TF binds more than observed in a control/input sample)
with functional genomic locations (e.g. promoters, enhancers), and
interrogate databases in group 1 to infer gene regulation from promoter
specific TF binding.

4.1. ChIP-Seq databases and Web tools

Since the advent of the NGS Revolution, an avalanche of ChIP-Seq
data has been generated and deposited for thousands of target proteins
(mostly TFs), organisms, tissues and experimental setups. The results of
these experiments are commonly stored by authors in NGS repositories
like the European Nucleotide Archive (ENA) [131] or the Sequence
Read Archive SRA (SRA) [132].

4.1.1. ENCODE

The Encyclopedia of DNA Elements (ENCODE) is a large project
which collected vast amounts of quantitative molecular data from the
human genome in different cell types and conditions [133]. ENCODE
currently provides ChIP-Seq data on 12 histone markers and 187
transcription factors across 118 human cell lines, for a total of 9308
samples. The ENCODE Consortium has defined and implemented an
“audit” system to classify the quality of experimental data based on
flags. The standardized high-quality dataset is available both as raw
data (FASTQ sequences or BAM alignments) and as already inferred
binding sites, in the form of Browser Extensible Data (BED) files de-
scribing peak locations in the genome. These tracks are also available at
the UCSC Genome Browser for checking specific genome regions for TF
binding [134].

4.1.2. ChIP Atlas

While not as standardized as ENCODE, the ChIP Atlas [135] cur-
rently contains a larger amount of experiments (96,000), essentially all
those deposited in the major public repositories, including ENA and
SRA. It focuses on six model organisms: Homo sapiens, Mus musculus,
Rattus norvegicus, Drosophila melanogaster, Caenorhabditis elegans and
Saccharomyces cerevisiae. It can be queried using four modes. The first,
Peak Browser, allows to download multiple TF-binding tracks (peaks)
as a BED file or to visualize them on an online genome visualizer. The
second, Target Genes, is the one most immediately useful for GRN in-
ference, as it allows identifying TGs of a specific TF in selected ex-
periments and cellular contexts. It also allows defining the distance of
the TF-bound region from the TSS to define putative TGs. The third,
Colocalization, allows predicting TFs co-localized with other TFs. The
fourth, called “Enrichment Analysis”, allows the user to upload a
custom BED file and compare it to available ChIP-Seq tracks.
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4.1.3. ChIPBase

ChIPBase is an online collection of ChIP data which can be queried
to identify genomic regions targeted by TFs [136]. It contains a manual
curation of 10,200 peak datasets from 10 species. On top of being a
curated collection of experiments, ChIPBase can be used to further in-
vestigate ChIP-Based GRN hypotheses with motif coexpression ana-
lyses. Its main strength is in the addition of noncoding TGs, whereas
most of the other tools focus on coding genes.

4.1.4. Cscan

Cscan is a simple online tool that allows querying online databases
with a list of transcript ids for TGs [137]. For this set of TGs' promoters,
the tool detects TFs (and DNA-binding proteins) whose binding sites are
significantly enriched, using mainly information from ChIP-Seq ex-
perimental databases. Cscan allows to data mine individual cell lines
and perturbation experiments for specific TFs, allowing for the com-
parison of context-dependent GRN rewiring.

4.1.5. GREAT

GREAT (Genomic Regions Enrichment of Annotations Tool) is a
popular online tool to annotate a user-provided ChIP-Seq experiment,
in the form of a BED file [129]. For each ChIP-Seq peak set analyzed,
GREAT finds the collection of genes likely regulated by the investigated
TF (proximal and distant TGs are based on nucleotide distances defined
by the user). GREAT also provides automatic gene ontology analysis to
predict the functional role of the TF GRN and a large series of other
ontologies, as well as mouse and human phenotypes associated to the
GRN. The only disadvantage of this tool is the small selection of gen-
omes on which it operates: Homo sapiens (hgl9), Mus musculus (mm9
and mm10) and zebrafish (Danio rerio) (danRer7). A common work-
around for this issue is to use the hgLiftOver tool to convert between
genome versions (e.g. hg38 to hgl9) provided by the UCSC Genome
Browser platform [130].

4.1.6. PAVIS

Like GREAT, PAVIS (Peak Annotation and VISualization tool) is an
online resource that can annotate ChIP-Seq data [138]. It supports more
genomes and annotations than GREAT and provides less information on
disease-related phenotypes associated to the annotated genomic re-
gions. It provides however a constantly updated genome annotation,
allowing connecting any genomic peak set (such as a specific TF
binding site) to the promoters of both coding and noncoding genes,
including alternative TSSs for splice variants.

4.1.7. LOLA

LOLA (Locus Overlap Analysis) is a web tool that allows the char-
acterization of genomic regions in terms of overlap with genomic an-
notation tracks [139], mostly TF binding sites from ENCODE and
JASPAR, a manually curated repository of GRN information discussed
later here [140]. LOLA also provides comparative analyses with the
ROADMAP database for epigenomics annotation in human, focusing on
regions with different chromatin accessibility, histone modification or
DNase I hypersensitivity [141]. In short, LOLA can be used to under-
stand transcriptional regulatory events happening upstream of a list of
user provided genomic regions and/or TGs. The code running beneath
the LOLA web tool is available as an R/Bioconductor package, which
can be extended to any organism or genome annotation track set.

4.1.8. ChIP-Array

ChIP-Array is a full-fledged online GRN reconstruction pipeline that
integrates user-provided ChIP-Seq data for a specific TF [142] with a
specific transcriptional quantification dataset (microarrays or RNA-
Seq), making it a hybrid between the ChIP-Seq and coexpression classes
of tools. ChIP-Array then generates a GRN based on ChIP-Seq peak lo-
cations and coexpression derived from the user input. It then performs
several coexpression conditioning and data mining steps on motif
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databases to remove indirect GRN edges. It allows for the inclusion of
long-range (> 10kb) Chromatin Interactions to justify TF-TG interac-
tions and integrates database information on tissue-specific chromatin
accessibility to define active and inactive TF-TG relationships.

4.1.9. ChIP-Enrich

ChIP-Enrich is another peak annotation web tool [143], like GREAT
or PAVIS, with focus on human, mouse, rat and zebrafish genes and
pathways. Compared to the other tools, it allows speeding up the
analysis by selecting specific annotation resources, to define which
classes of TGs are associated to the TF investigated in a ChIP-Seq ex-
periment. Specifically, it can focus the analysis on proximal and distant
TF-TG interactions and provide a list of microRNAs potentially influ-
encing these interactions. Importantly, ChIP-Enrich provides putative
pharmacological targets in the predicted GRN, through the integration
with DrugBank information [144], and it can therefore be used as a
hypothesis generator tool for pharmacological intervention for specific
ChIP-inferred GRNs.

4.2. ChIP-Seq-based tools

4.2.1. ChIPpeakAnno

ChIPpeakAnno is a powerful R/Bioconductor package [145] that can
annotate genomic regions defined with the GenomicRanges framework
[146]. Following the tutorial, it is possible to convert the BED file ob-
tained from a ChIP-Seq experiment into a set of genomic regions, and
then annotate them with respect to specific genomic annotations. To
reconstruct a TF-centered GRN, for example, the user simply needs to
load a BED file from a ChIP-Seq experiment targeting that TF and find,
for each ChIP-Seq peak, the closest TSS(s), defined by the user or by
genome annotation R packages such as org.Hs.eg.db. This will define a
list of putative TGs for the given TF.

4.2.2. DROPA

DROPA (DRIP Optimized Peak Annotator) is a new peak-annotation
tool optimized for DNA/RNA hybrid regions (R loops) and data gen-
erated from DRIP-Seq [147]. DROPA is a command line Python tool and
it is currently provided with a user-friendly tutorial, together with a
companion test dataset. While originally developed for DRIP-Seq tracks,
it can be used for NGS data from specific protocols such as Histone
marks IP-Seq, DNase-Seq and FAIRE-seq, as its true strength lies on the
ability to annotate genomic regions taking into account gene expression
information. It can be used as a GRN reconstruction method focusing
not only TF-TG interactions, but on any functional genomic feature-TG
relationship.

4.2.3. UROPA

UROPA (Universal RObust Peak Annotator) [148] is a ChIP-Seq
annotation method implemented in R and Python, which focuses on
advanced aspects of peak annotation. For the purpose of GRN re-
construction, it allows the user to describe genomic elements associated
with TF binding sites, in particular strandedness, with specific functions
(coding, noncoding, miRNAs) and with a multitude of different gene
annotation supports (such as those from ENSEMBL or Gencode).

4.2.4. Goldmine

Goldmine is an R package for annotation of genomic regions (such as
those generated via ChIP-Seq) [149]. As other tools described here,
Goldmine provides peak annotation with reference to promoter proxi-
mity, DNase hypersensitivity regions, overlap with other TF binding
sites, in all species and tracks available at the UCSC Genome Browser.
Its unique feature is the ability to annotate peaks with high-throughput
methylome data, highlighting which methylation patterns may influ-
ence the binding of TFs to TG promoters, and therefore yielding a
further layer of regulatory complexity in GRN reconstruction.
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4.2.5. ChIPMunk

ChIPMunk is a Java command line tool optimized for the analysis of
large amounts of ChIP-Seq and DNase footprint data (hundreds of
Gigabases of aligned NGS reads) to find specific consensus regions
supporting the existence of sequence-based GRNs for an investigated TF
or regulatory feature [143].

4.2.6. Genexpi

Genexpi is a ChIP-Based tool for GRN inference that combines user-
provided ChIP-Seq profiles with time series expression data to define
TF-TG pairs [150]. It starts with defining candidate targets with ChIP-
Seq which are then tested for coexpression with the investigated TF.
Genexpi in particular can work with time series, effectively calculating
coexpression between a TF TEP at time t with any TG TEP at time t + 1,
t + 2 or more. This provides not only a GRN inference, but also pro-
vides a time frame describing the delay in transcriptional responses
between the TF and its targets.

4.2.7. VULCAN

The VULCAN tool uses ChIP-Seq data from perturbation experi-
ments to predict GRNs and transcriptional co-regulators. Specifically, it
has been recently applied on ChIP-Seq data from estrogen-treated cells
targeting the Estrogen Receptor (ER) TF, and successfully identifying its
TGs and ER's direct interactors [151]. VULCAN implements similarities
in TEP between TFs and ChIP-Seq overlapping sites to predict the
components of transcriptional complexes, thereby focusing on a similar
task as the ChIP-Atlas or PlantPAN colocalization tools described earlier.

5. Orthology-based resources

Gene networks, and in particular transcriptional networks, can
benefit from knowledge and discoveries available in other species. The
key concept is that a TF-TG relationship proven in one organism can be
conserved in another one (Fig. 3). This knowledge transfer, however,
requires knowing the specific phylogenetic translation between two
organisms in order to identify the correct functional counterpart for any
TF-TG pair. A correct definition of orthology is of fundamental im-
portance to reliably transfer GRN models across species [152].

Orthology is an evolutionary relationship between a pair (or mul-
tiple forms) of genes that share a common ancestor. This form of re-
lationship contemplates sequence similarity, or, at least, pattern con-
servation [153]. Because of the involvement of pattern conservation,
orthology can also be stated as similarity in function or conservation in
function: this definition is rather equivocal since there is not a definite
method to assign functional conservation to genes or proteins [154].

In a context of gene network inference, detecting orthology is
especially important to maximize information content and accuracy.
Identifying the presence of genes in different species that can be traced
to a common ancestor and assuming that the orthology is not only se-
quence-based but also functional, allows for the hypothesis of a com-
plex TF-TG network. The presence of multiple candidate orthologs of
both TFs and their TGs enriches the overview on all the possibilities of
regulatory interactions between these two elements. Furthermore, the
prediction of an interaction in one species can be extended and verified
in other species. The extension of the prediction of regulatory interac-
tions among species can be achieved with bioinformatic tools, with the
aim to gain more and more detailed knowledge about the regulatory
systems of transcription [155].

The prediction of orthology can be obtained with a variety of
methods, some of which can be used for the inference of both evolu-
tionary and functional orthology. A complete list of these methods has
been described before [156] and is beyond the scope of this review. We
provide a summary of these methods in the Supplementary Materials.
There are large databases collecting information on orthologous re-
lationships, such as eggNOG [157], inParanoid [158] and orthoDB
[159]. We provide a curated example of Orthology-inference of GRN



D. Mercatelli, et al.

Phylogenetic Analysis

pattern analysis

sequence conservation

TF Homo sapiens
TF Mus Musculus

TF Bos Taurus

TF Danio Rerio

Inference of Orthology

TF

Species 1

Species 2

GRN Edge Prediction

B3
TF ETG

Species 1

Species 2

BBA - Gene Regulatory Mechanisms 1863 (2020) 194430

Fig. 3. Schematic representation and ex-
amples of the steps to predict new interac-
tions between TFs and TGs using orthology-
based approaches. (A) Phylogenetic Analysis
is required to define sequence similarity
across species. (B) Orthologous relationships
are then inferred between two species,
identifying proteins that are structurally
and/or functionally correlated. (C) GRN TF-
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edges in Fig. 3B, focusing around the Foxp2 TF.
However, there are also a few tools which adopt orthology-based
ideas to automatically infer large scale GRNSs, described below.

5.1. Orthology-Based GRN inference tools

5.1.1. MRTLE

MRTLE is a command line tool written in C/C+ + that takes as
input expression data from multiple species, a phylogenetic tree de-
scribing relationships between species, and optionally species-specific
regulatory information, such as known TFs and their regulation on gene
families [160]. MRTLE processes this information and produces a reg-
ulatory network for each species included in the phylogenetic tree. It
can be considered as a validation tool for GRNs, validating which re-
lationships are conserved across evolution and which are specific to a
particular species or phylum.

5.1.2. TargetOrtho

TargetOrtho is a Python standalone GUI to identify putative TGs
regulated by specific TFs. The user provides TF binding sites motifs
(obtained from experimental data) and TargetOrtho scans the genomes
of interest for matches, extending this analysis on orthologs in other
species through motif-based remote homology detection [161]. Targe-
tOrtho performs well in compact genomes (such as C. elegans, where it
has been tested) but not as well in higher eukaryotes, where the reg-
ulatory elements are dispersed and often located far away (> 10kb)
from the TSSs.

5.1.3. Phylogene
PhyloGene is an online web service that provides information on

Wus musculyg
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erate novel GRN information. (D) Example
of TF that has orthologs in Homo sapiens and
Mus musculus. FOXP2 is mainly a transcrip-
tional repressor [198], whose targets have
been obtained from published ChIP-seq data
in Homo sapiens [199] and Mus musculus
[200]. We selected genes that correspond to
the ‘PROMOTER’ location to the nearest
gene and we then created an intersection
that includes only the common target genes.
We then selected a target gene in Homo sa-
piens that was missing in Mus musculus
(ZP2). Zp2 exists in Mus musculus and is an
ortholog of the human ZP2, but it's missing
the information about the involvement of
Foxp2 in its regulation. Since orthology is
verified for both the TF and the TG we can
make the prediction of interaction between
murine Foxp2 and Zp2, that can be then
verified experimentally.

significantly co-evolving proteins according to phylogenetic profiles
and orthology inference. It contains information on thousands of pro-
teins from model species (Human, mouse, Drosophila and nematode)
[162]. It can be specifically queried to detect TF-TG pairs that are
coevolving across phylogenetic groups.

5.1.4. OrthoClust

OrthoClust is a command line tool written in the Julia programming
language which can detect if a specific gene regulatory modules are
functionally conserved across species or are sequence-specific [163].
OrthoClust requires as input a network file of TF-TG relationships (in-
ferred by any method) in all species considered and a coupling in-
formation file, which describes the orthologous relationships between
genes the input species and another species. OrthoClust finally groups
genes in the input species in functional modules that are conserved and
provides a conservation score for them. OrthoClust can be useful in GRN
inference because a TF-centered module highly conserved across spe-
cies has a higher chance to be correct.

6. Literature-based resources
6.1. JASPAR

JASPAR is a manually curated and open access database of non-
redundant TF binding profiles [140]. Its extensive manual curation,
based on constant literature searches by experts in the field of geno-
mics, elevates to a full-fledged literature-based resource. JASPAR stores
TF binding information as position-frequency matrices (PFMs) and TF
flexible models (TFFM), based upon TF binding site predictions made
by the UCSC Genome Browser track data hub. As of 2018, JASPAR
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counted with 1564 position-frequency matrices, including 719 from
vertebrates, 501 from plants and 140 from insects.

6.2. TRANSFAC

Similar to JASPAR, the TRANSFAC (for TRANScription FACtor)
database is a manually curated repository of eukaryotic TF binding sites
and DNA binding profiles [164]. TRANSFAC is frequently used to
computationally predict TF binding sites, to predict genes regulated
downstream a target sequence and to predict all TFs that regulate a
given set of genes. To these ends, TRANSFAC counts on nearly a dozen
algorithms compute its results and to compare them to other sources.
Currently, the most up-to-date version of the database must be licensed,
whereas older versions can be accessed for free.

6.3. KEGG

A massive data collection effort, the KEGG (Kyoto Encyclopedia of
Genes and Genomes) database generates high-level maps of complex
biological systems, such as biological processes, diseases and chemical
substance effect pathways, by integrating numerous large-scale mole-
cular datasets [165]. Included in the array of KEGG resources are those
generated by genome sequencing, various small molecule and enzyme
assays and other high-throughput experimental technologies.

6.4. MSigDB

The MSigDB, or Molecular Signatures Database, comprises a col-
lection of annotated gene sets originally formatted for use in Gene Set
Enrichment Analysis (GSEA) [166]. The determination of whether a
given gene set is significantly up- or down-regulated in response to a
certain perturbation can help explain underlying biological mechan-
isms. The MSigDB relies upon published expression profiles to generate
gene sets, as the developers believe that this provides unbiased readouts
of biological states [167]. Conveniently, MSigDB output includes files to
easily convert between HUGO and ENTREZ gene symbol nomenclature.
One caveat to the MSigDB's gene sets is that many are derived from
microarray experiments, which reflect purely transcriptional events.

6.5. Harmonizome

Harmonizome is a vast collector of genomics databases, including
TRANSFAC, KEGG, MotifMap, MsigDB (all described in this review) and
others not specifically connected to GRNs [168]. Harmonizome allows
downloading entire databases as flat files of interactions and informa-
tion, which is considered very useful by the bioinformatics community.
Furthermore, it allows for gene-centered queries to investigate specific
GRN of interest, a feature considered optimal for experimental scien-
tists. Interestingly enough, Harmonizome contains a snapshot of the
Biocarta database, a historical, manually curated, literature-based col-
lection of biomolecular relationships from both signal transduction
pathways and GRNs [169]. The Biocarta web domain has been inactive
for several months and the project seems to be discontinued at the
moment of writing this review.

6.6. AGRIS

The first of species-specific resources in this paragraph, the
Arabidopsis Gene Regulatory Information Server (AGRIS) comprises
three interlinked databases (AtTFDB, AtcisDB and AtRegNet) providing a
broad collection of TFs, computationally and experimentally derived
cis-regulatory elements, and their interactions in Arabidopsis thaliana
[170]. Currently, this database comprises around 33,000 upstream re-
gions of annotated Arabidopsis genes and 1700 TFs, counting > 1.5
million direct interactions between TFs and TGs. It includes the
Grassius Regulatory Grid eXplorer (GRG-X), a web application to
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visualize and manipulate the regulatory network.
6.7. Flybase and Wormbase

Flybase is the primary repository for genetic and molecular in-
formation concerning Drosophila melanogaster, one of the most ex-
tensively studied model organisms, as well as other fly species.
Manually curated, Flybase incorporates an integrated collection of ge-
netic, molecular, genomic and developmental information. The Flybase
team made a significant update to the database in 2018, with “Flybase
2.0”, which features enhanced reference lists and new protein domain
graphics, powered by the Pfam and SMART protein databases. Another
key feature of the updated Flybase is an ‘experimental tools’ function
that consolidates information concerning the reagents involved in de-
signing fly strain-specific experiments [171]. The Flybase counterpart
for nematodes, containing similar information, is called Wormbase
[172].

6.8. RegulonDB

Curated over a period of 25years, RegulonDB contains the most
extensive collection of knowledge concerning the genome organization
and transcriptional regulation of Escherichia coli K-12 [173]. RegulonDB
integrates information concerning transcriptional units, operons and
regulons and it makes an attempt to incorporate both strong and weak
interaction evidence by classifying distinct types of evidence and
weighting them appropriately. Although this method risks some false
positive interactions, such as when multiple pieces of weak evidence
are combined and enhanced to be considered as one piece of strong
evidence, it has the advantage of not arbitrarily dismissing potentially
useful information. The latest versions of RegulonDB also include fea-
tures to quantify coexpression of all possible gene pairs and to identify
upstream TF binding sites, whose activity supports evidence for reg-
ulatory interactions.

6.9. Saccharomyces-Genome Database (SGD)

SGD (Saccharomyces Genome Database) [92] is the foremost re-
pository of genetic information pertaining to the budding yeast Sac-
charomyces cerevisiae. Published experimental results are combined
with high-throughput results obtained via the Locus Summary genome
browser, forming a vast encyclopedia of yeast genomic features. The
detailed chromosomal characteristics, functions and interactions con-
tained in the SGD are publicly accessible and indispensable for de-
signing yeast experiments and interpreting their results. The S288C
reference genome is frequently updated and annotation is performed
using GO terms, all of which can be easily downloaded for offline work.
Changes and updates to the SGD, as well as other relevant announce-
ments are also accessible on social media, via Facebook and Twitter (@
yeastgenome).

7. PPI resources for inferring transcriptional complexes

PPI networks describe physical interactions between gene products
and are beyond the scope of this review. However, a specific sub-graph
of PPI networks is important for understanding regulation of tran-
scription, specifically the interactions between transcriptional reg-
ulators. In fact, we have mentioned earlier the VULCAN tool, which is
able to infer transcriptional complexes using a combination of coex-
pression and ChIP-Seq inferences [151]. Another important tool trying
to define interactions between TFs is PTHGRN [174], which goes be-
yond the scope of this review as it focuses on the effects of post-
translational modifications (acetylations, phosphorylations) on TF ac-
tivity.

There are several resources for investigating PPI networks that
could be queried in specific ways to predict or visualize known TF-TF
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interactions. A recent effort to standardize these resources is currently
undergoing under the IMEx consortium [175].

7.1. HPRD

HPRD (Human Protein Reference Database) is a manually curated
collection of protein-protein interactions [176]. Each physical interac-
tion is experimentally validated by at least one published study (re-
ferenced to for each edge). Furthermore, interactions are grouped
among “yeast 2-hybrid” (high throughput interaction assays), “in vitro”
and “in vivo” validation classes, so the user may choose to trust only
one of them. However, as the name implies, HPRD focuses exclusively
on the human proteome. 4.27% of PPIs reported by HPRD (Release 9)
are TF-TF interactions (Table 1).

7.2. STRING

STRING (Search Tool for the Retrieval of Interacting Genes/
Proteins) is the largest PPI database available today, currently covering
5090 organisms, 24.6 million proteins and > 2000 million interactions.
STRING automatically combines PPI evidences from several sources
such as direct experiments, orthology screenings, coexpression and text
mining. Unlike the other tools described here, which are mostly based
on collecting PPI evidences, STRING provides also predictions, where a
protein-protein summary score is computed by combining the prob-
abilities of each evidence [177]. Roughly 1.30% of STRING (v9.05)
reported interactions draw PPI predictions between TFs (Table 1).

7.3. BioGRID

BioGRID is similar to HPRD, as it searches literature and databases
for experimental evidences of PPI, but in an automated way [178]. It
provides data for 68 organisms (most prominently model ones, such as
human, yeast, fruit fly and Escherichia coli). Each edge is classified by
virtue of the experimental system(s) supporting the PPI evidence, in a
more precise way than HPRD such as co-immunoprecipitation, syn-
thetic lethality, fluorescence resonance energy transfer (FRET) and
yeast two-hybrid. In the 3.5.172 version of BioGRID, 1.84% of the PPIs
connect a TF pair (Table 1).

7.4. IntACT

IntACT is the most recent among the short list of PPI databases
described here [179]. Its multi-species molecular interactions database
is populated by manually curated literature data and by high-
throughput data analysis. It does not only contain PPI data but also
interactions between proteins, nucleic acids and small compounds. The
fraction of TF-TF interactions in the Human IntACT interactome is
1.29%, very similar to the percentage predicted by STRING (Table 1).

Table 1

PPI databases, with focus on TF-TF interactions. The percentage of TF-TF in-
teractions is estimated using the human proteins portion of the resource, and
the TF list is derived from [7].

Tool Nr. proteins Nr. interactions  Nr. interactions % of TF-TF
(human) interactions
HPRD 9617 39,240 39,240 4.27%
STRING  ~24,600,000 ~2,000,000,000 4,009,084 1.30%
BioGRID 87,223 1,693,097 481,338 1.84%
IntACT 107,320 889,774 379,393 1.29%
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8. Other resources
8.1. Graphite

Graphite is a framework that converts pathway topologies into gene
networks [180]. It is available as both an R/Bioconductor package and
as a web server (Graphite Web). Graphite provides two main function-
alities. In the first mode, “Browse”, it allows to navigate manually cu-
rated pathways (such as the KEGG collection) using a list of genes, to
identify those where they are enriched in specific pathways and GRNs.
In the second mode, “Analyze”, Graphite allows the user to provide an
expression dataset with multiple conditions (e.g. control/treatment) to
investigate changes in pathway correlation structure, i.e. gene network
(and specifically GRN) rewiring.

8.2. TRRUST

TRRUST (Transcriptional Regulatory Relationships Unraveled by
Sentence-based Text-mining) [181] is a peculiar method for GRN in-
ference in human and mouse, as it tries to detect co-occurrences be-
tween TFs and TGs by large scale literature and text mining. The results
are then curated manually and included in an online database, which
currently contains 8400 TF-TG relationships for 800 human TFs and
6500 relationships for mouse TFs.

8.3. EnhancerAtlas

Enhancer regions are incompletely characterized functional parts of
the genome with transcriptional effects on distal genes. Tools like
EnhancerAtlas allow for the inclusion of enhancers as entities (nodes) to
be represented in GRNs [182]. EnhancerAtlas provides a cell line-spe-
cific collection of human enhancers, both as FASTA sequences and co-
ordinates on the hg19 genome. It also contains a cell line-specific set of
GRNs with proven relationships between enhancers and TGs.

8.4. TF2DNA

TF2DNA is a database of TF-TG relationships in six model species,
encompassing hundreds of TFs and thousands of TGs [183]. These re-
lationships are inferred through 3D models of TFs deposited at the
Protein Data Bank (PDB) [184]. Based on structural data and compu-
tational simulations, TF2DNA builds models of TF-DNA binding, iden-
tifying binding motifs for TFs with a deposited high-quality 3D struc-
ture and defining structure-based models of GRNs. Then, via homology
modelling, information is transferred over other TFs to extend the
prediction to a larger number of TF-centered GRNSs.

8.5. ELMER

ELMER is a R/Bioconductor package and web-tool that infers GRNs
by combining genome-wide methylation data with transcriptome-wide
TEPs [185]. ELMER can be used on publicly available data where me-
thylation and gene expression were measured in the same samples, such
as those from TCGA [186], or with user provided data: RNA-Seq and
[lumina 450K or EPIC arrays for methylation probes. ELMER starts by
analyzing which genomic locations have the most significant methy-
lation changes between two groups, and then associates these probes to
proximal (10 kb by default) TSSs. ELMER performs a motif enrichment
analysis to identify a list of putative TFs associated to differentially
methylated regions and then identifies a subset of these TFs whose
expression correlates with the methylation changes. It finally connects
the methylation-guided TF to the genes in proximity of these regions to
draw a final GRN. It must be noted that ELMER necessarily operates on
a perturbation setup (e.g. tumor vs. normal) because it relies on ex-
pression and methylation differential analysis.
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8.6. 3D Genome Browser

The 3D Genome Browser is an online repository of 3D chromatin
data, generated by HiC and ChIA-Pet [187]. It can be queried by dataset
or by gene name to investigate topological distances between specific
genomic regions. While specific for human and mouse, it allows to infer
GRNs over long range distances (> 100 kb) as it allows to detect real 3D
proximity between TF binding regions (e.g. enhancers) and influenced
TSSs.

8.7. CrossNet

We conclude our collection of tools for GRN inference with CrossNet,
a web application for comparative analysis of multiple biological net-
works [188]. CrossNet allows the user to upload weighted and un-
weighted networks as simple text files and then compare them using
several network comparison methodologies and analysis workflows,
spanning from a simple edge intersection to a network-wide topological
analysis (clustering coefficient distributions, shortest paths, etc.), con-
served hubs (nodes with a high number of edges in several networks)
and higher-order network structures (such as conserved network mo-
tifs). CrossNet can compare multiple (more than two) networks and
display their similarities as a hierarchical tree, with the possibility to
install it on a personal workstation to accommodate the offline re-
quirement of processing large (> 2000 nodes) networks. For the pur-
pose of GRN reconstruction, while not doing any GRN inference per se,
CrossNet can be used to compare and merge GRNs inferred from other
tools, highlighting similarities and differences in both individual tran-
scriptional units and in the whole GRN structure.

9. Best practices and example

The inference of GRNs is a useful approach to handle several bio-
logical problems and to derive new functional hypotheses to be ex-
perimentally validated. The complementary use of some of the tools
reviewed above can help researchers in solving the inference problem.
Once approaching the task of inferring a GRN-centered around a spe-
cific TF, the investigator should first of all familiarize with the TF itself:
is it an activator or a repressor (which could explain positive or nega-
tive correlations in coexpression analysis)? Does it have a clearly de-
fined and well characterized ortholog in a more studied organism? Is
there knowledge on the DNA motifs it recognizes and binds? Are there
fingerprinting, ChIP-chip or ChIP-Seq experiments focusing on such TF?
Are there perturbation experiments that perturbed the TF by either
knockdown or overexpression?

The following example focuses on a well-known repressor TF, B-cell
lymphoma 6 (BCL6), and it is based on a pipeline integrating methods
from complementary data sources.

9.1. Characterize TF and context (species and cells)

BCL6 is a transcriptional repressor belonging to the BTB/POZ zinc-
finger family of TFs. It plays a critical role during normal B-cell de-
velopment, and a variety of structural and functional alterations of
BCL6 have been associated with lymphomagenesis. In the last years, the
deregulation of BCL6 has been linked to several other malignancies,
such as acute lymphoblastic and chronic myeloid leukemia, breast,
colorectal, and non-small cell lung cancer [189]. As a transcriptional
repressor, BCL6 mediates its effects on several TGs by interacting with
different chromatin modifying repressor complexes.

The network perspective can broaden the understanding of BCL6 by
identifying the full set of TGs under its direct influence, allowing
drawing predictions on the effects of targeting BCL6 with targeted
drugs, causing rewiring of its GRN. Furthermore, the depiction of its
context specificity may represent an interesting tool for drug discovery/
drug repurposing by creating an in silico platform to test and predict
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possible treatment strategies, or to identify new druggable targets in a
dysregulated BCL6 context.

In order to investigate the cancer-specific regulatory action of BCL6,
we focused the GRN reconstruction in the specific context of human
leukemia cells. Our intention is to run user-friendly methods to un-
derstand which TGs are regulated by BCL6 and that could be also
handled by researchers who are completely new to bioinformatics.

9.2. Coexpression analysis

If large transcriptome-wide expression datasets are available in the
desired cellular context, coexpression methods are an excellent starting
point as they will provide an initial list of candidate TGs. In our case, we
ran the ARACNe-AP on the TCGA Acute Myeloid Leukemia dataset, as
in [43], to reconstruct a BCL6 coexpression network keeping only ne-
gatively correlated TGs, consistently with the role of transcriptional
repressor of this TF.

9.3. ChIP-Seq analysis

Since correlation does not imply direct causation, coexpression
alone cannot be used as a reliable evidence for TF-TG interactions.
Ideally, coexpression evidence should be strengthened by ChIP-Seq data
for the selected TF in the same context used in the coexpression ana-
lysis. ChIP-Seq analysis will provide regions bound by the TF, which
can be associated to genes e.g. by proximity to the TSS.

As BCL6 has previously generated ChIP-Seq data, we used the ChIP-
Atlas “Target Genes” query [135], we retrieved the analysis of a ChIP-
seq experiment on a human chronic myelogenous leukemia cell line
(GSM640427) showing all ChIP peaks within 5kb distance from the
TSS, and intersected it with the coexpression list to refine for results
that are present in both inferences.

9.4. Motif analysis

Coexpression and ChIP-Seq may define high-likelihood TGs for a
specific TF, but they do not provide a molecular explanation on why the
TF binds and activates/represses those particular genes. Motif-based
methods can be used when a known TF binding motif is known, or, in
the case of poorly characterized regulators, to perform a de novo dis-
covery of the binding motif (e.g. by HOMER) by analyzing the ChIP-Seq
regions bound by the TF. Motif-based predictions are to be taken
carefully, as often the TF binding is not fully characterized or, in some
cases, the TF does not bind the DNA directly to exert its regulatory
action, but rather chromatin-associated complexes.

In our example, a BCL6 binding motif is known, so we used
Motifmap [107] to obtain a genome-wide prediction of BCL6 TGs based
on the “Motif Search” web-tool. We used default search settings on
hg19 reference genome, using a 5kb distance to the closest TSS. We
identified 223 candidate genes, but when crossed with the coexpression
list, only 3 common TGs were kept in the final model. In this particular
example, the fact that the canonical binding motif of BCL6 explains
such a low fraction of the candidate TGs (derived from ChIP-
Seq + Coexpression) allows us to venture the opinion that the precise
binding of BCL6 to the genome is not yet fully explained by the current
scientific knowledge.

9.5. Literature analysis

A key step in GRN reconstruction is to quantify the number of
predicted TGs that are already known in literature. As reading each
article can be a tedious task, the user may use some of the online re-
positories of known GRN interactions described in this review.

In our example, we queried the TRANSFAC Predicted Transcription
Factor Targets Dataset for BCL6 available Harmonizome [168] and
compared them with the previously inferred candidate TG list. Some



D. Mercatelli, et al.

LTS 1PO4

GABRR1

FAM227A

BBA - Gene Regulatory Mechanisms 1863 (2020) 194430

~
SPDYE3 __ TP538P1, ~ CPXM1 y T PwP1
FAMB6C2P \ Y S FOXRED2
2 [ 4 RPP40 " CHST10
2ZNF22 ) PATZID [\ QRILI0D 57" T
75 LNP1 G =] ] 7 /" cMBL
HAPLNA N, VRN S Sy - BN
“ A R LY - By e o i
GNB5  USP54 N : \ v/t TZNFe29 T N 2
&N\ | Awoisal Yy pwToi/i S 1. SUPV3L1 .
L o NN =P Nodes:
TFDP2 ~ i / 9 SETD6
ASH1L-AS/1 7. f A
~ N [/ IMPDH2
S / = 1 TF
YARS2  No o & _A UL
PARP1 SLC25A1E yBFD1
FosaNa -7y cLuapt TG
= -
GRK4 ZMYM3 | e
i %
ZBTB12 ., 4" IFT22
SNRPD1 Lsoanat <] ccpe169
Edges:

cHpa ) 1=

LOC1001295%4 _
-~ Cl6ortas T 2%
DNAAF2  |—— ACTRT3 457,

B .

2 o \

\

FIP1L1 N
\

p
\
ZCCHC3 )/ .
i ‘1 s APEX1
X 7 AV Lk

TMEM182

e, |
Ay
fiit Loy

\ :
EXOSC? QpRT . L [t mocs3
£ ZNF785 =R L

—*  pyncaLi

i
PDCD11

GAR1 TULP3

114 e
d \- ara \
_FAM216A 4 W
UNC1198 £ oA i vl \\
X N i YT Y L A RN NN
FKBP7 il METTLIE)
\ k) W
i

ANAPC7

.
N HACD1
" DHX33 sz:u ) _I ChiIP-seq
" NeL .
N e, | Literature
RPGRIPIL

\\
4 \
5 -
EXTL2 ‘o

\ R
3 \
\
JGUFt 1/ - /! \(wDR3s ﬂ\\ ALY o,
< ¢ L GEIed | \ \ >
y 1 espL

—_—— -I Coexpression

- = | Motifs

Fig. 4. Partial BCL6 regulon inferred using an integration of GRN reconstruction methods: coexpression (dashed green edges), motif-based (dashed/dotted purple
edges), ChIP-based (solid red edges), and literature-based (blue dotted edges). Transcriptional regulators directly interacting with BCL6 are shown as rhombi.

coexpression-inferred BCL6 targets had been already characterized in
literature, such as HACD1, ZSCAN31 and HIBCH. Some ChIP-Seq-based
inferred TGs were also already known, such as PDCD11 or CCDC169
(also inferred by coexpression).

9.6. PPI Analysis to infer co-transcriptional interactors

TFs are not isolated in the cell and rarely bind the DNA by them-
selves, let alone drive their regulatory action in solitude. While PPI
networks and GRNs should not be confused, it is important to under-
stand which other proteins (especially those with transcriptional roles)
physically bind the query TF, to promote or repress its effects on TGs'
transcription.

In our example, we used PPI resources to infer the BCL6 transcrip-
tional repression complex. The BioGrid database readily reports strong
interactions between BCL6 and corepressors NCOR1, NCOR2 and
BCOR: the disruption of these particular interactions is considered to be
a promising pharmacological strategy for B Cell Lymphoma [190].
HPRD reports experimentally validated physical interactions of BCL6
with JUN TFs [191] and putative corepressor ETO [192].

9.7. Orthology analysis

Due to their vast employment in biology, the amount of raw data
generated from model organisms often surpasses that from human. A
specific example of GRN knowledge transfer across species is shown in
Fig. 3, using orthology-based inference principles.

In our example, an important functional transcriptional interaction
for BCL6 is reported in a different organism: the STRING database re-
ports a BCL6-STATS3 interaction via a PPI network orthology inference,
as the interaction has been observed in putative orthologs of these
proteins in Drosophila melanogaster.

9.8. Aggregation of inferences

We suggest inferring (or at least attempt to infer) TGs using at least
one method for each of the six complementary data sources described in
this review. An even better approach would be to test several tools,
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even from the same category, and using different data sources. For
example, coexpression analysis can be highly dependent on the dataset
used: in some cases, the user may want to identify the generic GRN for a
TF, and therefore generate GRNs from all tissues (e.g. all those available
in GTEx [193]). In other cases, the user may want to infer a tissue or
developmental stage-specific GRN, in that case the analysis should be
limited to context-specific datasets. Furthermore, adopting a tissue-
wide coexpression analysis can be problematic for TFs that are tissue-
specific.

In the end, the user may want to collect all inferred TGs, weighted
by the number of tools predicting them, and proceed with an experi-
mental validation of the interaction. As the name implies, one of the
most popular and intuitive ways to represent the results of a full pi-
peline of GRN inference is a network visualization: in our BCL6 ex-
ample, we collected the inferences from multiple approaches to draw a
model GRN with Cytoscape (Fig. 4). In order to collectively characterize
the TF function by means of inferred TGs, one may want to run an
ontological enrichment analysis to find over-represented pathway ele-
ments. The TGs inferred by our simple GRN pipeline are predominantly
enriched for vesicle transport (PANTHER GO enrichment analysis
[194], FDR = 3.28 x 10~ %), consistently with the validated notion that
BCL6 represses autophagia and vesicle trafficking in B-cell lymphoma
cells [195].

As a final note, GRN inference is sometimes performed full-scale and
genome-wide, by calculating all TF-TG interactions at once. This hol-
istic approach, when compared to the single TF one exemplified above,
is more time-consuming and difficult to interpret, but it follows the
same guidelines and caveats. Specifically, in coexpression analysis,
considering all TFs at once is important because it may remove indirect,
spurious edges, through solutions like the Data Processing Inequality or
the Partial Correlation described before. In the BCL6 example, we ac-
tually considered all TFs in the coexpression step, since we performed a
full-scale ARACNe-AP inference, and only then extracted the BCL6-
specific edges.

10. Conclusions and future directions

GRNs provide both a theoretically sound and a graphically
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convenient representation of genome-wide transcriptional de-
pendencies. Understanding GRNs requires tools, methods, datasets and
integration to infer the hundreds of thousands of interactions hap-
pening in every organism, and how these interactions are rewired in
response to external stimuli and during pathophysiological processes. In
particular, recent years have seen a shift towards using GRNs and GRN
rewiring as biomarkers for stratifying heterogeneous diseases such as
cancer [28,33,66,87]. GRNs provide not only biomarkers for survival
predictions, but they also directly depend upon one or more TFs acting
as master regulators of a specific set of TGs carrying on molecular
functions. Prognostic GRNs, and their TF hubs, constitute an ideal
target for pharmacological modulation, more likely to succeed the in-
dividual gene expression profiles currently used as markers for clinical
outcome, as these constitute just one component of the GRN responsible
for pathological progression [28].

The tools described in this review provide an array of methods for
inferring, interrogating and visualizing GRNs. Because each tool can
only reasonably focus on one or a few aspects of a regulatory network,
best practices for inferring and interrogating a network of interest will
include integrating results from several sources into logical and human-
readable graphical outputs. The research objective will inform the best
resources to be used. For instance, no method can definitively claim to
be the absolute best at inferring putative transcriptional targets, puta-
tive post-translational targets, or master regulators that drive certain
phenotypes. Despite each method's strengths, careful analysis of the
results of multiple methods will provide the researcher with the most
complete and useful GRN-based insights into experimental results.

An expanding set of tools, complementary to those for inferring TF-
TG relationships, focuses on less characterized GRN elements, such as
long noncoding RNAs, miRNAs, enhancer elements and functional
chromatin regions [136]. Tools should emerge to describe elements
whose contribution to transcriptional regulation has been neglected,
such as oxygen availability controlling TF degradation in plants [196]
or repetitive DNA acting as a functional sponge for TFs [197].

While the inclusion of more features and datasets will lead to
iterative improvements in the algorithms and methods used to infer
GRNs, it remains of paramount importance for the scientific community
to actively develop accessible tools, such as some of those described
here, to allow a broad audience of scientists to investigate the vast
amount of species- and context- specific information on transcriptional
regulation.
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