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Over the past decade, a rapid increase in network data including signaling, transcription regulation, met-
abolic reaction, protein–protein interaction and genetic interaction has been observed. Many biology
issues have been investigated by analyzing these diverse networks, providing new insights into biology.
Networks also play an important role in disease studies including disease gene screening and clinical
diagnosis. Large amounts of databases and software have been developed to facilitate the storage,
exchange, integration, and analysis of network data and network analysis is becoming a routine proce-
dure for biologists to infer biological information. In this review, several main aspects of network studies
are discussed, including network construction, analysis, application, and resources.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

Biology has been explored in multiple levels, from the popula-
tion, organism, tissue/organ, cell, and organelle, to the biomole-
cule. In the molecular level, researchers have realized that
protein interactions are the foundation of biological functions.
Numerous experimental and computational methods have been
developed to depict functional and physical interactions, such as
signal transduction, transcription regulation, metabolic reaction,
protein–protein interaction (PPI), and genetic interaction, among
others. Signal transduction focuses on the propagation of informa-
tion by a series of chemical reactions, such as protein phosphory-
lation. Transcription regulation depicts the relationships between
transcription factors and their target genes. Metabolic reactions
mainly focus on small-molecule substrates and their modification
enzymes. These three kinds of networks refer to real routes
in vivo and are usually produced by molecular biological experi-
ments. PPI generally represents the physical interactions between
proteins [1], which can be produced by both traditional small-scale
and high-throughput experiments, such as the yeast two hybrid
(Y2H) technique and tandem affinity purification (TAP) followed
by mass spectrometry. Genetic interactions represent a functional
interaction between two genes. To illustrate, a certain phenotype
occurs when two genes are perturbed, while the phenotype does
not occur when only one gene is perturbed. These network data
are dispersed in hundreds of public and private databases [2].
ll rights reserved.
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Many basic biology issues can be explored by these diverse net-
works, such as the sensitivity, robustness and evolution of biosys-
tem. These networks also play an important role in diseases
studies including disease gene screening and clinical diagnosis, to
greatly improve our understanding of biology. In this review, the
main aspects of network studies are systematically discussed,
including network construction, analysis, application, and re-
sources, aiming to provide a comprehensive picture of network
studies for researchers.
2. Construction

The construction of a network is a prerequisite for any analysis.
Network construction approaches can be classified based on differ-
ent principles. Bruggeman et al. classified the construction ap-
proaches into ‘‘bottom-up’’ and ‘‘top-down’’ [3]. The bottom-up
approach generates network by integrating scattered biological
knowledge with interactions, while the top-down approach infers
a network directly from omics data (e.g. microarray) by statistical
methods [4]. Viswannathan et al. classified the construction ap-
proaches into Data-Driven Objective (DDO) and Knowledge-Driven
Objective (KDO) models [5]. DDO generates a network based on a
specific experiment, while KDO aims to develop a detailed network
to depict a particular biological process such as cell differentiation.
More biological knowledge is needed for performing a KDO con-
struction. Comprehensive revalidation is required to achieve a
high-quality network reconstruction because of the insufficiency
of information about the network, such as the spatiotemporal
specificity of interactions. For example, networks 1 and 2 occur
in different biological conditions, but the merged network 3 is
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Fig. 1. The influence of spatiotemporal specificity for network construction.
Networks 1 and 2 occur in different biological conditions. The merged network 3
is always constructed by ignoring spatiotemporal specificity, which cannot repre-
sent the truth precisely.
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always built by ignoring spatiotemporal specificity (Fig. 1), which
cannot represent the truth precisely. This problem currently exists
in a number of databases.
3. Analysis

Structure and dynamics are the two fundamental aspects of
network analysis. Some open questions, regarding the basic struc-
tural pattern of the biosystem, the mechanism of biosystem
robustness, the molecular mechanism of a phenotype/disease,
among others, may be answered through network analysis.
3.1. Structure

The structure of a biomolecular network is important to biosys-
tem’s function. Some structure patterns, such as scale-free, small-
world, motif, modularity and hierarchy, which are found in many
real world networks including WWW, instant messaging, email,
movie actors, co-authorship, and citation networks, also exist in
signaling, metabolic, PPI and other biological networks. Some spe-
cific structure patterns, such as bow-ties in metabolic networks [6],
have also been discovered. Furthermore, several complex indices,
such as information flow score [7] and SigFlux [8] have been devel-
oped to depict the structural characteristics of biomolecular net-
works, which can help in the discovery of novel patterns.

Graphs are the most widely used to representing network struc-
tures. The simple graph consists of nodes and edges, in which a
node represents a biomolecule (e.g. protein and metabolite), while
an edge represents the relationship between two biomolecules.
Simple graphs are the most commonly used, but their simplicity
makes precise depiction of complex biological information, such
as protein complexes and metabolic reactions, difficult. As a result,
some improved graphs, such as the hyper-graph [9] and power-
graph [10], have been proposed. These graphs have a stronger
capacity for facilitating a more precise presentation of biological
knowledge. Hyper-graphs allow edges to connect more than two
nodes, which are suitable for representation of biochemical reac-
tions. Power-graphs are represented by power nodes and power
edges. Power nodes are a set of nodes bought together that are
suitable for depicting protein complexes. Novel discoveries may
be found when using complex graphs instead of simple graphs [9].

How do structural features influence function? Take hub pro-
teins as an example: Hub proteins can be classified into party-
hub and date-hub proteins. The former interact with their partners
simultaneously, while the latter interact at different times. Studies
have shown that the party-hub tends to connect proteins within
functional modules, whereas the date-hub usually makes a link be-
tween different modules [11]. Studies in the hierarchy of networks
show that proteins in different layers have distinct function char-
acteristics. Bhardwaj et al. suggested that more collaborations
occur in the middle levels of various regulatory networks, the rea-
son maybe that entities in the middle level must interact as many
as possible to ensure organizational effectiveness [12]. Jothi et al.
classified transcription factors (TFs) of yeast regulatory network
into three hierarchical layers (i.e. top, core, and bottom), and found
that the top-layer TFs are relatively abundant, long-lived, and noisy
[13]. Oberdorf and Kortemme verified that complex topology
rather than complex membership is a determinant of protein dos-
age sensitivity [14].
3.2. Dynamics

Network topology is usually insufficient to infer function, and
information of network dynamics is required [15]. Network
dynamics models can be classified into analytical method and sta-
tistical method-based models (Fig. 2). The analytical model, which
focuses on depicting the molecular state quantitatively, could be
eventually developed to simulate network behaviors [16]. Three
steps are used to build an analytical model. The first step is to se-
lect and determine the state variables of the entities, for example,
the phosphorylation state in the signaling pathway or the substrate
concentration in the metabolic pathway. The second step is to se-
lect an appropriate mathematical model, such as the differential
equation [17], random differential equation [18], rule-based [19],
or probability-graph, to depict the relationships of the state vari-
ables. The third step is to evaluate and refine the coefficients of
the mathematical models through experiment data so that the
model matches the system behavior better. The development of
an analytical model requires more accurate experiment informa-
tion, and the model is currently only applied in small-scale and
well-studied networks (e.g. EGFR [20], JAK/STAT pathway [21],
metabolic network of microbes [22]). Thus, development of analyt-
ical models from novel high-throughput and more precise cell
measurement techniques remains necessary. Some public dat-
abases (e.g. BiGG [23]) have been developed to store the quantita-
tive model to support dynamics studies.

Statistical models only aim to reveal some dynamic characteris-
tics of networks from limited time-resolved omics data (e.g. micro-
array, quantitative proteomic, or phosphoproteomic data) by
statistical methods, and do not develop precise quantitative mod-
els due to insufficient of information, thus, such models are usually
applied to large-scale networks. Integration of quantitative infor-
mation into qualitative networks is an important issue for statisti-
cal models. Han et al. revealed dynamically organized modularity
in the yeast PPI network by analyzing time-resolved transcriptome
profiling with PPI data [11], while other research works have
focused on the network dynamics of pathological processes. Tes-
chendorff and Severini demonstrated that breast cancers metasta-
sis is characterized by a small significant increase in the degree of
randomness by comparing the metastatic and non-metastatic
breast cancer transcriptomes in the PPI network [24].
4. Applications

4.1. Illustrating biomolecular mechanisms

Biology is an extremely complicated consequence of the various
interactions of a large number of biomolecules. These biomolecular
mechanisms can be described better through networks. Due to the
diversity of biological processes, a fixed network analysis workflow
to illustrate biomolecular mechanisms has yet to be achieved. Such
an undertaking requires more biological knowledge than that
yielded by the topology and dynamic characteristics of current net-
works. FANTOM consortium and the Riken Omics Science Center
constructed a transcription network to yield a comprehensive



Fig. 2. Scheme of the two main network dynamics analysis models. (A) An analytical model is developed to simulate the behavior of a network. It is usually applied in small-
scale and well-studied network. (B) Most statistical models aim only to reveal some dynamic characteristics (e.g. dynamic modularity) by statistical methods based on limited
time-resolved omics data (e.g. microarray) and do not develop quantitative models due to insufficient of information. Such methods are often applied in large-scale networks.
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analysis of growth arrest and differentiation in THP-1 cell. They
identified the key transcription regulators with time-dependent
activities and target genes, and showed that many transcription
factors (TFs) involving in cell differentiation and cellular states
are constrained by complex networks. These networks contain
both positive and negative regulatory interactions among those
TFs [25]. Zhu et al. reconstructed the causal gene networks by
using genotype, transcriptome, transcription factor binding site
(TFBS), and PPI data to predict causal regulators responsible for
common genetic loci of gene expression activity in a yeast popula-
tion, elucidating the mechanisms of how causal regulators give rise
to larger-scale changes in gene expression activity [26].

4.2. Network properties of disease genes

Exploring the characteristics of disease genes, such as function
and tissue specific characteristics, among others, has long been a
matter of concern. Do disease genes have special network charac-
teristics? What are these special network characteristics? These
questions have been explored carefully in the past decade. Some
researches show that disease genes tend to form modules [27].
Genes with pleiotropic effects have more interactors than single
disease associated genes [28]. Genes with intermediate connectiv-
ities have the highest probability of harboring germ-line disease
mutations [29]. Cancer genes have a high degree and tend to be
central hubs [30–32]. However, Goh et al. showed that disease
genes do not tend to possess centrality and be essential [27]. Genes
from some diseases (e.g. cancer) tend to centrality, while others do
not. These network characteristics give us some novel views of
diseases.

4.3. Disease gene screening

Screening of genes resulting in specific diseases has long been
one of the major tasks in human genetics studies. Numerous
methods based on network and gene-expression data have been
proposed to screen potential disease genes. Three approaches are
most widely used. The first is based on the ‘‘guilty by association’’
hypothesis that similar mutational phenotypes arise from function-
ally related genes, which has been proven to be effective in screen-
ing novel disease genes [33]. The second is based on the topology
and function properties of disease genes [34–36]. For this approach,
machine learning methods are often used to capture the topology or
function features by training the known disease genes. Prior known
disease genes are required for these two methods, so they are not
suitable for the diseases without enough prior disease genes. The
third involves determination of differential gene expression mod-
ules (including complex and pathway) [37,38]. Chuang et al. first
provided a subnetwork/module method to indentify biomarkers
[39]. This method has three main advantages: 1) The resulting
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subnetworks provide the molecular mechanisms underlying the
disease. 2) Genes that are potentially related to disease but without
differential expression can also be detected. 3) The identified sub-
networks are significantly more robust than individual marker
without network information. A large number of subnetwork/mod-
ule-based methods have been proposed to improve the accuracy or
applicability of disease gene screening [40]. Recently, Emmert-
Streib and Glazko proposed a basic protocol with which to deter-
mine differential networks [41]. In addition, lots of tools have been
developed to facilitate prioritization of candidate disease genes
[42].

4.4. Clinical diagnosis

Microarray data are widely used to predict biomarkers by scor-
ing each individual gene. However, this method has low robustness
due to genetic, physiological differences, random fluctuations and
other factors [43]. Chuang et al. improved the prediction robustness
of biomarkers by identifying differential expression subnetwork/
module [39]. More complex variables have been constructed to
characterize the phenotypes through integrating the gene expres-
sion and PPI data. For example, Teschendorff and Severini developed
the ‘‘entropy’’ parameter to predict the metastasis ability of breast
cancer [24]. Recent overviews have also discussed the application
of network in disease studies [44,45].
5. Resources

Research has shown that the datasets may be error-prone and
possibly of lower quality than commonly assumed [46]. It is thus
necessary for researchers to realize the advantages and disadvan-
tages of various databases and corresponding data standards to se-
lect appropriate data and avoid misuse.

5.1. Data standards

Data standards aim to facilitate the storage, exchange, extrac-
tion and analysis of data by unifying the modes of presentation.
SBML [47], CellML [48], PSI-MI [49], BioPAX [50] and SBGN [51]
are the most widely used standards. Excepting for SBGN, these
standards all adopt eXtensible Markup Language (XML), which
has been proven to be an effective tool for the management of data
from diverse resources. SBML and CellML support dynamic simula-
tions of networks. PSI-MI mainly emphasizes on the depiction of
the information of molecular interaction pairs, including the inter-
action type, experimental method, specie, literature, and author.
BioPAX provides more complete functions, which includes all the
PSI-MI items and the most of SBML. But BioPAX cannot support
simulation like SBML, and is more complicated than PSI-MI when
used to store PPI data. Stromback and Lambrix have made a sys-
tematic comparison of these three standards [52]. SBGN is com-
pletely different from the four other standards. SBGN aims to
unify the representation of network graphs, while the other four
standards aim to provide universal models for storing network
information. In order to demand diverse needs, SBGN is designed
to consist of three complementary sublanguages, including the
process diagram, the entity relationship diagram, and the activity
flow diagram.

5.2. Databases

Network data are spread throughout hundreds of databases.
Pathguide systematically sorts them out and provides basic direc-
tions [2]. Some other systematic comparisons and assessments of
these databases have been made to provide directions [53–58]. Re-
sults show that PPI databases have larges variation in the interac-
tors and interaction scales, and depth of annotations [54]. There is
poor consistency and compatibility among several popular path-
way databases [57]. Thus, it is necessary to integrate these dat-
abases to provide consistent information. Several integrated
databases have been developed [59–61]. However, integration of
these heterogeneous data remains largely incomplete.

5.3. Software tools

Network analysis tools can be classified into six functional
types: 1) Data format transition among different standards of di-
verse databases [62,63]. 2) Network graph construction and visual-
ization [64–66]. There are two network graph models: one is based
on user-provided interactions, and another is based on software-
provided interactions, when users only need to provide a list of
genes/proteins. Gehlenborg et al. made a detailed discussion about
visualization of omics data for systems biology [67]. 3) Topology
analysis of networks, including node degree, shortest path, cluster
coefficient, and specific structure detection, such as motif and
module detecting, among others. [68,69]. 4) Dynamic modeling
based on mathematical models [70]. 5) Enrichment analysis in
canonical pathways or gene sets [71–73]. 6) Network merging of
multiple subnetworks to obtain more comprehensive views [69].

6. Discussion

In the past decade, great progress has been made in molecular
interaction detection and network analysis, providing new insights
into biology. Network study is still in its infancy, and there remain
numerous problems to overcome, such as incompleteness, low pre-
cision of interaction data, and lack of spatiotemporal information
of interactions. It is expected that network studies will maintain
a rapid pace of development in the near future, especially in the
field of network dynamics.
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