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Abstract
Biological networks have garnered widespread attention. The development of 
biological networks has spawned the birth of a new interdisciplinary field – network 
biology. Network biology involves the exploration of complex biological systems 
through biological networks for better understanding of biological functions. This 
paper reviews some of the recent development of network biology. On the one hand, 
various approaches to constructing different types of biological networks are reviewed, 
and the pros and cons of each approach are discussed; on the other hand, the recent 
advances of information mining in biological networks are reviewed. The principles of 
guilt-by-association and guilt-by-rewiring in network biology and their applications 
are discussed. Although great advances have been achieved in the field of network 
biology over the past decades, there are still many challenging issues. First, efficient 
and reliable network inference algorithms for high-dimensional and highly noisy 
omics data are still in great demand. Second, the research focus will be on multilayer 
biological network theory. This plays a critical role in the exploration of the multi-scale 
or dynamical characteristics of complex biomolecular networks by integrating multi-
source heterogeneous omics data. Third, a close cooperation among biologists, medical 
workers, and researchers from network science is still a prerequisite in the applications 
of network biology. The rapid development of network biology will undoubtedly raise 
important clues for understanding complex phenotypes in biological systems.

Keywords: Biological network; Network construction; Omics data; Informative gene 
identification; Multilayer network

1. Introduction
With the development of the complex network theory, complex networks have become 
effective tools to model and investigate various complex systems[1-4]. In biological 
systems, biomolecules rarely work alone. The interactions among various biomolecules 
consist of different types of biological networks[3,4]. Typical biological networks include 
gene regulatory network (GRN)[5-7], protein-protein interaction (PPI) network[8-13], 
transcriptional regulatory network (TRN)[14-16], metabolic network[17,18], signaling 
transduction network[19-21], gene co-expression network (GCN)[22-26], disease network[27,28], 
and drug-target network[29]. Different types of biological networks describe the biological 
systems at different scales and perspectives[30]. The rapid advances of biological networks 
have given birth to a new interdisciplinary field – network biology[3,4,31,32].

Network biology uses the complex network theory to model and explore biological 
systems and help people better understand, predict, and control complex biological 
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systems. There are many issues in network biology. An 
important issue is how to construct biological networks, 
which is a reverse problem. This construction of biological 
networks is also known as network inference, network 
construction, topological identification, and so on. In 
fact, network construction is the first step in network 
biology[4,32-42]. Reliable biological networks guarantee 
the accuracy of results from network analysis and the 
subsequent real-world applications. The second issue is how 
to effectively explore bioinformatics in biological networks. 
This is known as biological network analysis or topological/
structural analysis of biological networks[4,32,43-53]. The 
third issue is the applications of network biology. In fact, 
biological networks are essential for understanding the 
cellular mechanisms of various phenotypes; they also have 
wide applications in exploring relationships among human 
diseases, discovering new drug targets, guiding drug 
repositioning, and controlling biological systems[27,28,31]. 
The applications of network biology rely on reliable 
network construction and efficient modeling and analysis 
of related biological networks[4,28,29,44-46,53].

The rapid development and wide applications of network 
biology encouraged us to conduct this review. This review 
focuses on the aforementioned issues of network biology, 
aiming at introducing some recent advances and challenges 
of several basic research topics, principles, and applications 
in network biology. The rest of the paper is organized as 
follows: Section 2 briefly introduces the complex network 
theory; Section 3 reviews some recent advances of network 
biology, including the recent progresses of network 
construction, network-based identification of important 
genes/proteins, and their related applications; Section 4 
puts forward some of the challenges in network biology; 
and the final section comprises the conclusion remarks.

2. Complex network theory
A complex network consists of nodes and edges[1]. Nodes 
represent the concerned entities in the system, while edges 
denote the relationships among nodes. As to biological 
networks, nodes may be genes, ribonucleic acids (RNAs), 
microRNAs (miRNAs), proteins, metabolites, or other 
molecules[4]. Edges indicate that there are physical or 
chemical interactions, chemical reactions, or co-expression 
relationships among biomolecules. A weight can be assigned 
to each edge to represent the strength of the interaction or 
co-expression between two nodes. Depending on the types 
of nodes and the meaning of edges, a biological network 
can be directed or undirected and weighted or unweighted 
(Figure 1A). Different types of networks can be modeled 
and explored through different methods.

Mathematically, a complex network can be described 
by its adjacency matrix, edge list, or node-edge matrix 

(Figure  1A). A=(aij)n×n is often denoted as the adjacency 
matrix of a complex network. If aij > 0, there is an edge 
between nodes i and j in which aij represents the weight of 
the edge. If aij = 0, there is no edge between nodes i and j. 
For an undirected network, the adjacency matrix A is 
symmetrical, otherwise not. For an unweighted network, 
aij only takes 1 or 0. Different types of networks encompass 
different measures to describe their structural features.

Taking undirected and unweighted networks as 
examples, some basic topological features of complex 
networks are introduced[1,2,4]. Some of the commonly used 
measures to evaluate the topological structure of complex 
networks include average degree and degree distribution, 
average clustering coefficient, average path length (APL), 
disassortativity, and so on[1,2,4]. Average degree is defined 
as the average neighbors of each node in the network. The 
clustering coefficient is used to describe the degree to which 
the adjacent points of a node are connected to each other. 
APL is defined as the average number of steps along the 
shortest paths for all possible pairs of nodes in the network. 
The assortativity coefficient is the Pearson correlation 
coefficient (PCC) of degree between pairs of linked nodes. 
If PCC > 0, the network is assortative; but if PCC < 0, 
the network is disassortative. In a disassortative network, 
nodes with high degrees tend to connect with low-degree 
nodes. This is a typical feature of biological networks[4]. The 
disassortative features of biological networks are different 
from those of social networks. In social networks, high-
degree nodes tend to connect with high-degree ones. In 
addition to the aforementioned features, there are many 
other statistical indices to describe a network. For more 
details, several references can be referred to Barabási, Chen 
et al., and Lü et al.[1,2,4]

Extensive centrality measures such as degree centrality, 
clustering coefficient centrality[1,2,54], betweenness 
centrality[55], k-shell[56], semi-local centrality[57], PageRank[58], 
LeaderRank[59], adaptive LeaderRank[60], SpectralRank[61], 
and so on have been developed to measure the importance 
of nodes in a complex network. These measures are all 
based on the characteristics of the node and edge in the 
network. Different measures evaluate the importance of a 
node from different aspects. For example, degree centrality 
measures how many neighbors a node has; betweenness 
centrality evaluates how many shortest paths that path 
through a node, and whether a node can act as a bottleneck 
in the network[54]; PageRank and LeaderRank are all based 
on random walks on the networks; the recently proposed 
SpectralRank is based on the dominant eigenvector of 
the augmented network of the originally considered 
network[61]. The augmented network is obtained by adding 
a leader node that is bidirectionally connected with all the 
nodes in the network. It shows that SpectralRank can well 
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identify actually influential spreaders in various types of 
networks, including bipartite, undirected or directed, and 
weighted or unweighted networks. It has been reported that 
SpectralRank can also identify functional important global 
regulator and command interneurons in transcriptional 
networks and neuron networks, respectively.

Extensive investigations have reported that many 
real-world biological networks are sparse, scale-free, 
disassortative, small-world, and with modularity 
structures[4,13,62-64]. Although real-world networks contain 
tens to tens of thousands of nodes and hundreds to 
millions of edges, their connection densities are very low, 
which indicate that real-world biological networks are 
sparse. A network is considered small-world if it has high 
clustering coefficient and short APL[63], whereas a network 
is considered scale-free if its degree distribution follows 
a power-law distribution in log-log coordinates[64]. It has 

been reported that many biological networks adhere to 
the power-law degree distribution[4], and their power-law 
exponents roughly locates in [-3, -2]. For example, the 
Yeast PPI network has been reported to have a power-law 
exponent of −2.5[65,66]. Another typical feature of biological 
network is modularity. Since the expression of many genes 
show tissue-specific features, the corresponding biological 
networks often show apparent modular features[4].

Figure  1B shows the above-mentioned features in a 
human PPI network, which has been constructed from 
the BioGRID database[67]. The network consists of 2549 
nodes and 11,438 undirected edges. The 2549 nodes 
correspond to disease genes that are reported in the Online 
Mendelian Inheritance in Man (OMIM) database[13,68]. 
The degree distribution of the constructed PPI network 
follows a power-law distribution (Figure 1C), with power-
law exponent around −1.9280; the average degree of the 

Figure 1. Networks with adjacency matrices or degree distribution. (A) Examples of different kinds of networks and its adjacency matrices. (B) A human 
PPI network with 2549 disease genes (OMIM) as nodes. (C) Degree distribution of human PPI network in log-log coordinates indicates a power-law 
distribution.
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network is 8.9745; the APL is 3.5550; the graph density 
is 0.0040, which is a very sparse network; the PCC 
is  −0.1222; and the average clustering coefficient of the 
network is 0.1830. The PPI network shown in Figure  1B 
has typical scale-free, small-world, disassortative, and 
sparse characteristics.

3. Recent advances of network biology
Some recent advances of network biology are reviewed in 
this section. We mainly consider three aspects: Network 
construction, important node identification in biological 
networks, and applications of biological networks.

3.1. Biological network construction

Network construction is the first step in network biology. 
Biological networks can be determined either from 
experimental detection or data-driven/model-driven 
inference. Experimental detection is generally costly and 
inefficient, but it is more reliable than model inference. To 
experimentally determine whether there are interactions 
among pairs of biomolecules, researchers have developed 
many experimental methods, such as ChIP-Seq, CLIP-Seq, 
yeast-two-hybrid[69] and yeast-three-hybrid (Y3H), rec-
YnH, phage display technology, surface plasmon resonance 
(SPR), fluorescence resonance energy transfer (FRET), 
coimmunoprecipitation, glutathione S-transferase (GST) 
pull-down, and so on[4,69-71]. It has been reported that the 
recently developed rec-YnH can simultaneously detect 
putative, multi-domain direct protein-protein, and multi-
protein-RNA interactions under physiological conditions[71].

There are four approaches to constructing biological 
networks (Figure  2 and Table  1). First, and most 
conveniently, existing network data can be downloaded 
from online databases, such as TRANSFAC, OPHID, 
MIPS, DIP, MINT, STRING, BioGRID, HPRD, KEGG, 
BBID, Reactome, and BIGG[4,67,72,73]. These online 
databases collect both experimentally determined and 
literature-curated interaction data among biomolecules, 
which provide timely and updated valuable resources for 
biological networks. However, the databases only collect 
interaction data for some model organisms or organisms 
that have been investigated by researchers. The data for 
many organisms are still in a state of uncertainty. Second, 
it is feasible to artificially construct biomolecular networks 
through computer algorithms. Classical algorithms are 
based on the duplication-divergence (DD) model[66,74-83]. 
In the DD model, duplication processes of biomolecules 
are mimicked by node duplication, while divergence 
processes are expressed as random node deletion, edge 
deletion, dimerization, and so on. By appropriately 
tuning parameters in the DD model, artificial biological 
networks that have similar topological features with real-

world biological networks can be generated. Based on 
the artificial DD model, the evolution characteristics of 
biological networks can be explored[66,77,82]. However, the 
artificial models can only be used to theoretically explore 
possible features of biological networks. There are still some 
gaps between real-world and artificial biological networks, 
which limit the real-world applications of artificial 
biological networks. Third, by having insights on part of 
the network topology and node dynamics, the unknown 
topological connections can be predicted by dynamical 
complex network theory[84-89]. However, this approach 
requires node dynamics, which is generally difficult to 
be applied to infer biological networks. The last, but the 
most intriguing is data-driven approaches, which have 
been the focus in the field of network inference. Based on 
experimentally collected biological data, researchers have 
developed various mathematical and statistical models to 
infer biological networks, such as those methods based 
on correlation analysis[22-26,90-94], information theory[95,96], 
regression[36,37,39,42,88], Granger causality[40,97], Bayesian 
inference[98-101], and Gaussian graphical model[33-35]. Popular 
software packages for biological network construction 
include WGCNA[22], iDirect[102], and many others[3,4,93,103]. 
Data-driven approaches are efficient in inferring biological 
networks from data; however, for organisms without known 
biological network information, it is difficult to determine 
whether the inferred networks coincide with real-world 
ones; furthermore, determining the cutoff threshold values 
for some methods is also a problem[22-26,90-94].

Other than traditional biological networks, there are 
also studies on differential co-expression networks[49,103-111]. 
Differential co-expression networks reveal the differential 
co-expression patterns among genes when comparing 
between treatments and controls, which are effective 
tools for exploring omics data with different experimental 
settings. The tools or algorithms that can be used to 
perform differential co-expression analysis include 
DiffCoEx[102], CoXpress[103], DINGO[104], and many others. 
Both co-expression and differential co-expression analyses 
are application orientated; the edges in the co-expression 
or differential co-expression networks do not necessarily 
indicate physical interactions between two genes; instead, 
they only reflect the similarity between their expression 
profiles. Differential co-expression networks facilitate 
researchers to effectively explore bioinformatics from 
omics data, which have important applications in network 
biology.

3.2. Recent advances in the explorations and 
applications of network biology

In network biology, guilt-by-association and guilt-by-
rewiring are two frequently used principles to explore 
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bioinformatics[44,52,107,112,113] (Figure  3A). The guilt-by-
association principle assumes that genes/proteins that highly 
connected with disease genes tend to be disease ones[44,112,113], 
whereas a basic assumption of the guilt-by-rewiring principle 
is that genes/proteins that altered their co-expression/
interaction relationships under treatment are closely related 
to the causal phenotypes[52,107]. The two principles have been 
widely applied to identify important genes/proteins, predict 
the functions of genes/proteins, and explore the molecular 
mechanisms behind certain phenotypes.

3.2.1. Identifying informative genes/proteins based 
on biological network analysis

Important node identification is a foundational topic in 
complex networks[4,56-61,114,115]. Nodes in complex networks 
are heterogeneous, and different nodes generally play 
different roles; it is significant and interesting to identify 
important nodes[114]. Depending on the types of networks 
and the concerned questions, important nodes have 
different definitions. In biological contexts, important 
nodes largely represent informative genes/proteins in the 

Table 1. Advantages and disadvantages of the four network construction approaches.

Approach Advantages Disadvantages

Online databases Easily obtained. Only applicable for limited organisms; some databases are not timely 
updated. 

Artificial algorithms Easily generated; evolutions of network 
features can be explored.

Only limited to theoretical investigations; there are still gaps in real-world 
biological networks.

Dynamical network theory Based on the theory of dynamical systems; 
potentially applicable for real-world control. 

Requires node dynamics and dynamical system theories; difficult to be 
used in biological networks.

Data-driven approaches Various mathematical and statistical models 
can be developed; explainable by data.

Difficult to determine the correctness for organisms without any known 
network information; discrepancy among different methods; difficult to 
determine the cutoff threshold values for certain methods.

Figure 2. Biological network construction. (A) Approaches to construct biological networks. (B) Flowchart of data-driven biological network construction 
and applications. Based on biological data, various mathematical and statistical models can be developed to realize network construction; the network 
construction method should be further verified by datasets with known network structures, and subsequently, real-world networks can be constructed for 
various applications based on experimentally detected datasets.
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considered biological systems. In fact, many fundamental 
problems in biological systems can be reduced to the 
identification of informative genes/proteins; for instance, 
drug targets are informative nodes in network medicine, 
and genes/proteins that control certain phenotypes 
are important nodes in biological systems. Traditional 
methods in molecular biology mainly rely on experiments 
to determine the functional roles of a gene/protein, whereas 
network biology provides a more cost-effective approach 
to predicting functionally important genes/proteins.

Based on the guilt-by-association principle, and 
given a biological network, researchers have developed 
various centrality measures, such as degree, betweenness, 
closeness, semi-local centrality, k-shell, h-index[116], 
eigenvector centrality, and motif centralities[47,117], to 

evaluate the importance of genes/proteins in a complex 
biological network. In 2001, Jeong et al. proposed the 
centrality-lethality rule in PPI network for Saccharomyces 
cerevisiae; they reported that the most highly connected 
proteins in the cell are the most important for its survival[43]. 
Other researchers have also discussed the possibility of 
discovering disease genes through topological features 
of human PPI network[13,44,45]. It has been found that the 
hereditary disease genes ascertained from OMIM in the 
PPI network tend to interact with other disease genes, share 
more common neighbors, as well as have larger degrees and 
quick communication with each other[44]. In 2008, based on 
the constructed biological networks and a well-established 
regression model, Wu et al.[45] proposed a computational 
framework to unravel the complex relationships between 

Figure 3. Schematic diagrams illustrating the principles of guilt-by-association and guilt-by-rewiring in network biology. (A) According to the guilt-by-
association principle, genes that are connected with disease genes are suspicious disease genes, but according to the guilt-by-rewiring principle, genes that 
altered their interactions after treatment are deemed suspicious to disease. (B) Differential co-expression network uses the guilt-by-rewiring principle, 
which reflects the differences in the co-expression networks between control and treatment. Nodes with high degrees in the differential co-expression 
network are related to the phenotypic differences between treated and control samples.
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phenotypes and genotypes. A tool called CIPHER, which 
integrates human PPIs, disease phenotype similarities, 
and known gene-phenotype associations, was developed 
to predict and prioritize disease genes; CIPHER has been 
shown to be applicable to genetically uncharacterized 
phenotypes and effective in genome-wide scans of 
disease genes. In 2016, based on BioGRID[67], HPRD[73], 
and literatures[118], we constructed a large-scale human 
PPI network and explored the topological features of 
essential genes, viable genes, conserved genes, disease 
genes, house-keeping genes, and tissue-specific genes[13]. 
It was found that the lethal, conserved, house-keeping, 
and tissue-specific genes had hallmark graphical features. 
With regard to degree, k-shell, eigenvector centrality, 
closeness, and other centrality measures, essential genes 
can be distinguished from viable ones with an accuracy 
as high as approximately 70%. Closeness, semi-local, and 
eigenvector centralities can distinguish house-keeping 
genes from tissue-specific ones with an accuracy of about 
82%. Based on topological properties of disease genes in 
the PPI network, an improved random forest classifier has 
been proposed to detect disease-related genes[119].

Besides the traditional centrality measures for complex 
networks, some motif-based methods have also been 
developed. It has been reported that biological networks 
consist of functional building blocks, known as network 
motifs[5,120,121]. Theoretical and experimental perspectives 
have proven that network motifs have critical biological 
functions[5]. Koschützki et al. developed a motif-based 
centrality based on network motifs[117]. For a given motif 
in a biological network, they tallied the frequency of 
each node involved in motifs, matching the given motif, 
and they ranked the nodes according to their frequency. 
The proposed motif-based method was applied to the 
GRN of Escherichia coli, yielding interesting results 
about key regulators. In 2014, we also proposed a motif 
centrality[47]. Different from the motif-based centrality in 
another study[117], we considered the frequency of each 
node involved in the 2-node, 3-node, and 4-node motifs 
in a biological network and developed a novel index based 
on principal component analysis. The motif centrality 
was applied to the neural network for Caenorhabditis 
elegans, TRNs for E. coli and Yeast, the Drosophila 
developmental transcriptional network, as well as the 
human signal transduction network. The results revealed 
that the proposed motif centrality can effectively identify 
command interneurons and key transcriptional factors in 
the neural network and TRNs, respectively. By integrating 
various known centrality measures, and based on principal 
component analysis, an integrative measure to identify 
structurally dominant proteins in PPI networks has been 
proposed[82].

In addition to the above works, based on the guilt-
by-rewiring principle, many other methods have been 
developed to explore crucial genes/proteins in biological 
systems, such as those based on differential co-expression 
analysis (Figure  3B)[49,103-111] or hidden Markov random 
field (HMRF) models[52]. For instance, dynamical network 
biomarker (DNB)[49] and single sample DNB[109] have been 
developed to detect critical gene/protein sets that dominant 
the development of complex diseases. The basic idea of 
DNBs is hinged on the guilt-by-rewiring principle, where 
genes/proteins that extensively altered their co-expression 
patterns between treated and control samples are 
closely related to the causal phenotypes (Figure  3B). 
By incorporating differential rewiring signals from the 
genome-wide association study (GWAS) and the HMRF 
model, Hou et al. developed a method to prioritize disease 
genes[52]. We have recently proposed a new framework 
to construct a gene differential co-expression network 
(GDCN) based on several RNA-Seq data[107]. Further basing 
on the topological structures of the constructed GDCN, 
three measures have been designed to explore important 
genes that are closely related to phenotypic changes 
between treatments and controls. The proposed GDCN-
based approach, which integrates the guilt-by-association 
and guilt-by-rewiring principles, provides alternative tools 
for omics data analysis and network biology.

3.2.2. Applications of network biology

Network biology is widely applied in various scientific 
fields, including molecular biology, systems biology, 
ecology, and network medicine (Figure  4). Some of its 
applications are discussed in this section.

Network biology can be used to predict functions 
of genes/proteins. Conventionally, functions of gene/
protein can be inferred by sequence alignment analysis[122] 
or biological experiments[123]. Two genes/proteins with 
high sequence similarity tend to have similar biological 
functions; therefore, the functions of genes/proteins in 
one species can be predicted through sequence alignment 
with genes/proteins in model organisms. Different from 
traditional approaches, network biology, based on guilt-by-
association and guilt-by-rewiring principles, provides an 

Figure 4. Applications of network biology.
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alternative, cost-effective choice in predicting the functions 
of genes/proteins. On the one hand, based on the guilt-by-
association principle, the considered genes in a biological 
network tend to have similar functions if the neighbored 
genes have certain biological functions. On the other hand, 
since biological networks have modularity structures, 
genes in the same module of a biological network tend to 
have similar functions[124,125]. In fact, many of the reviewed 
works in Section 3.2.1. follow this rule, where the identified 
important genes tend to have critical biological functions. 
For example, based on GDCN and the guilt-by-rewiring 
principle, our recent work predicted the functions of 
several unannotated genes in Brassica napus[107], including 
BnaC03g00220D and BnaC05g02200D. Other than that, 
several researchers have attempted to predict the function 
of miRNA through the identification of miRNA targets; if 
the targets of a given miRNA are enriched in a biological 
process or pathway, then it is reasonable to infer that the 
regulating miRNA is involved in that process[48].

Network biology enhances our understanding of many 
model organisms. For example, in Saccharomyces cerevisiae, 
researchers have detected pairwise genetic interactions 
among ~90% genes[6]. It is reported that essential genes 
of Saccharomyces cerevisiae are network hubs, displaying 
5  times as many interactions as non-essential genes. The 
set of genetic interactions or the genetic interaction profile 
for a gene provides a quantitative measure of its function. 
A  global genetic interaction network underlines the 
functional organization of a cell and provides a resource 
for predicting gene and pathway function. It is predicted 
that six poorly characterized genes – MTC2, MTC4, 
MTC6, CSF1, DLT1, and YPR153W – may function 
as novel functional modules that are important for the 
growth of Saccharomyces cerevisiae in high-pressure and 
cold environments[6].

Network biology enables the clarification of molecular 
mechanisms behind certain phenotypes and the control of 
biological systems[126-134]. On the one hand, following the 
identification of important genes and the prediction of 
their functions, KEGG pathway analysis or GO enrichment 
analysis can be performed to analyze the functions of 
gene clusters[130,135]. In particular, it is feasible to identify 
the genes involved in crucial pathways that dominate the 
related biological phenotypes[107]. There are many tools for 
enrichment analysis, including GSEA[135,136], DAVID[137], 
ClusterProfiler[138], GOEAST[139], and so on. On the other 
hand, based on the structural controllability theory of 
complex networks, the identified functional genes can 
be investigated from the perspective of control[126-134]. 
Research has revealed that about 21% of proteins in human 
PPI network are indispensable. These indispensable 
proteins are primary targets of disease-causing mutations, 

human viruses, and drugs[127]. There are also studies that 
have discussed the application of network control theory 
in identifying driver genes in cancer[133,134]. Interestingly, 
researchers have successfully predicted the functions of 
neurons in C. elegans connectome based on structural 
controllability[131], thus providing a direct experimental 
proof of the validity of these widely used control principles.

Network biology has important applications in network 
medicine[140-148]. On the one hand, network biology provides 
effective tools for identifying drug targets[130,141-144]. In 2007, 
Yıldırım et al.[29] built a bipartite graph composed of the 
United States Food and Drug Administration-approved 
drugs and proteins linked by drug-target associations; 
the topological analyses of the constructed network 
revealed that many drugs target already targeted proteins. 
By including drugs currently under investigation, they 
identified a trend towards more functionally diverse targets 
improving polypharmacology. The associated investigation 
is able to guide rational drug design. Besides that, from 
the perspective of structural controllability, Vinayagam 
et al.[130] reported that the structural controllability theory 
can be used to identify disease genes and drug targets. The 
copy number alterations data of 1547 cancer patients were 
analyzed, and they found 56 indispensable genes, which are 
frequently amplified or deleted in nine different cancers. 
However, 46 out of the 56 genes have not been previously 
reported to be associated with cancer. Recently, Valle et al.[142] 
developed a network medicine framework to show that the 
proximity of polyphenol targets and disease proteins can 
predict the therapeutic effects of polyphenols. The work 
revealed the predictive power of network biology. On the 
other hand, network biology has potential implications 
in drug combinations and drug repurposing[145-148]. It has 
been widely reckoned that drug development for complex 
diseases is seeing a shift from targeting individual proteins 
or genes to system-based attacks targeting dynamic 
network states[140,143,144]. Based on the theoretical tools 
developed in network biology, Cheng et al.[146] proposed a 
network-based approach to identify clinically efficacious 
drug combinations for specific diseases. The proposed 
method facilitated the identification and verification of 
antihypertensive combinations, offering a powerful tool 
to identify efficacious combination therapies in drug 
development[146]. Drug repurposing can effectively promote 
the processes in drug development. It is a cost-effective 
approach to preventing human diseases, especially major 
epidemic diseases. For drug repurposing, Cheng et al.[145] 
have identified hundreds of new drug-disease associations 
for over 900 FDA-approved drugs by quantifying the 
network proximity of disease genes and drug targets in 
the human PPI network. Most recently, several researchers 
have looked into drug repurposing for COVID-19[147,148]. 
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Gysi et al.[148] developed a network framework to explore 
drug-repurposing opportunities for COVID-19. Among 
the six drugs that reduced viral infection, four drugs could 
be directly repurposed to treat COVID-19, thus proposing 
novel treatments for COVID-19.

In addition to the above discussions, there are many 
other research works and applications of network biology 
in systems biology[2-5] and ecology[150]. Systems biology 
investigates the composition of complex biological systems 
and the interactions among genes, mRNAs, proteins, and 
all other biomacromolecules. Hence, network biology is 
pivotal for systems biology. Network biology and systems 
biology share many common topics. Due to knowledge 
limitations, we will not delve in further on other 
applications.

4. Challenges of network biology
Although great advances have been achieved in network 
biology during the past few decades, there are still some 
challenges. First, it is still difficult to predict the causal 
relationships among genes for many organisms; network 
construction remains a problem to be further studied[37,71,102]. 
Second, the currently investigated biological networks are 
still far from the whole connectome and are always noisy; 
the currently investigated PPI networks for yeast cover 
approximately 90% genes of the whole genome[6]; and the 
considered human PPI networks encompass about 17,000 
genes out of 25,000 genes[13]. There are still uncertainties 
whether the obtained knowledge from sub-networks still 
holds in the whole connectome. For example, it has been 
reported that the subnets of scale-free networks are in 
fact not scale-free[149]. Therefore, it would be interesting 
to further explore whether the current results about 
network biology still hold in the whole connectome. False-
positive edges in existing biological networks may also 
affect the obtained results. It is also intriguing to develop 
effective tools to exclude false-positive edges in large-
scale biological networks. Third, real-world biological 
systems are far more complex; they may involve different 
scales of interactions, including gene, RNA, protein, 
and metabolic levels. Most studies tend to focus only 
on certain levels of interactions among the same type of 
biomolecules. With the development of high-throughput 
technologies and the accumulation of various omics 
data, it would be interesting to perform network biology 
analysis by integrating multi-omics data[140-152]. Fourth, 
most of the investigated biology networks are static. Real-
world biological networks may dynamically change their 
structures over time[153]. Moreover, some genes may be only 
expressed in specific tissues and at some given time points; 
biological networks may display temporal, dynamical, 
and modularity features[17,79,154,155]. The time-varying and 

modularity features of biological networks are in need of 
the development of the multilayer network theory[156-162]. In 
fact, multilayer biological networks have been extensively 
researched on in recent years[134,158-162]. However, publicly 
available multilayer biological network datasets are still 
lacking. With the accumulation of various omics data 
and the development of network inference techniques, it 
is possibly to develop efficient data-driven frameworks 
to construct multilayer biological networks. Finally, the 
cooperation of scientists from different fields is essential 
for the applications of network biology. Network biology 
provides effective tools for exploring bioinformatics, and 
both, biologists and medical workers are prerequisites for 
the applications of the theoretical results.

5. Conclusion
This paper reviews some of the recent progresses and 
challenges of network biology. We discuss two aspects of 
network biology, biological network construction, and 
their applications and summarize four approaches to 
constructing biological networks: Online database, artificial 
algorithms, topological identification based on dynamical 
network theory, and data-driven approaches. Among the 
four approaches, the data-driven approach is currently 
a research focus in network biology, which has wide 
applications in biological systems. We also briefly introduce 
their applications in identifying important genes/proteins, 
predicting the functions of genes/proteins, exploring the 
molecular mechanisms behind complex phenotypes and 
biological network control, identifying drug targets, and 
exploring drug combinations and drug repurposing. We 
declare that most of the applications of network biology 
rely on the guilt-by-association and guilt-by-rewiring 
principles. Some challenges of network biology are also 
discussed in this paper, reflecting our future research 
direction. Network biology is a promising interdisciplinary 
field, which will undoubtedly provide important clues for 
understanding complex phenotypes in biological systems.
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