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Abstract

Chronic respiratory diseases are complex multifactorial disorders
whose pathogenesis depends on the interplay between host and
environmental factors. To fully understand them and to identify novel
treatments, a holistic approach that integrates multiple types and levels
of clinical and biological data is necessary. Toward this end, the
application of systems biology–based strategies, in particular, network
analysis, offers great potential. These systems-based approaches rely
heavily on computational methods that can be challenging for the

nonspecialist. Accordingly, this Pulmonary Perspective: (1) outlines the
basic concepts of networks in biology and the fundamentals of network
analysis, and (2) discusses recent applications of network analysis to
understand respiratory diseases. The intent of this Perspective is to
provide readers with increased understanding of the strengths and
weaknesses of network analysis methods as well as their usefulness in
addressing research questions involving chronic respiratory diseases.
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In many aspects, the lung is a unique organ.
It has a complex, multidimensional structure
and a rapidly shifting cellular content, and
it is directly exposed to a constantly
changing environment. There are more
than 40 distinct cell types in pulmonary
tissue, only 4 of which are considered to
be unique to the lung: nonciliated
bronchiolar secretory (club [Clara]) cells,
type I pneumocytes (squamous cells), type
II pneumocytes (great alveolar cells), and
alveolar macrophages (1). As a result,
chronic respiratory diseases, including
asthma, chronic obstructive pulmonary
disease (COPD), and pulmonary fibrosis,
are complex multifactorial disorders that
depend on the interplay between genetic,
molecular, cellular, and environmental
factors (2–4). It is therefore not surprising

that the pathogenesis of many chronic
respiratory diseases is still incompletely
understood, and curative therapeutics
are lacking (4). The traditional reductionist
research approaches that focus on a single
or small number of molecules (e.g., genes
or proteins) cannot address this complexity,
and integration of high-dimensional data
from multiple clinical and biological levels
is the new proposed paradigm to elucidate
the pathophysiology of pulmonary diseases
(2, 3). An important consequence of this
holistic approach is the generation of
extremely large datasets (i.e., “omics”
datasets, including genomics, transcriptomics,
proteomics, and metabolomics) that can
provide tens of thousands of data points
from a single sample (5). The analysis and
interpretation of these enormous datasets

has generated distinct challenges, and the
accumulation of data per se has not increased
our insight into the etiology of disease (6).

The fields of systems biology and
network medicine have emerged as a
response to these difficulties (6–8). Several
reviews in respiratory medicine have
highlighted the importance of these
approaches (9–13), and this strategy
has been successfully used in multiple
studies (Table 1). Network analysis is
a key component of many of these
investigations (7), but it can be
obfuscating for the nonspecialist.
Accordingly, this Pulmonary Perspective:
(1) outlines the basic concepts of networks
and network analysis in biology, and
(2) discusses its application in chronic
respiratory diseases.
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Cellular Pathways Can Be
Represented as Networks

The biochemical and molecular processes
occurring in the cell are commonly
represented in terms of pathways (Figures
1C–1E). Three general types of pathways
can be distinguished: (1) metabolic
pathways, which represent the reactions
involved in the enzymatic transformation
of substrates into products; (2) signaling
pathways, which represent the cascades
of interacting proteins and small molecules
(ligands and secondary messengers) that
enable the transduction of information
from outside of the cell; and (3) gene
regulatory pathways, which represent the
regulatory mechanisms that control the
transcriptional programs that determine

cell identity and phenotypes (including
the epigenetic remodeling of chromatin
structure and the cooperative binding
of transcription factors [TFs] to promoters
and enhancers to regulate the expression
of target genes).

These pathways were originally
described as individual entities, but they
are interconnected and undergo cross-talk
at multiple levels. Therefore, it is not
appropriate to discuss independent
pathways, but instead focus should be
placed on the system of integrated pathways
(i.e., the network of cellular pathways).
Accordingly, a cell can be regarded as
a system of metabolic, signaling, and gene
regulatory pathways involving thousands of
molecules, possibly engaged in hundreds
of thousands of interactions with other
molecules. This complexity enables cellular

systems to show extreme robustness and
adaptability to different environmental
conditions (14) but simultaneously renders
them inherently resilient to detailed
characterization (i.e., the contribution of
each component to the overall system
cannot be easily determined). Fortunately,
biological pathways are defined in terms
of molecules interacting with other
molecules, enabling their representation
as networks, which can be investigated
using network analysis tools (Figures
1C–1E).

In its simplest form, a network is
defined as a group of interconnected points,
which are composed of a set of nodes and
edges that contain information on the
system being modeled. Nodes are junction
or connection points that represent the
variables in the network, and edges portray

Table 1. Applications of Network Analysis to the Study of Respiratory Diseases

Disease Method Used Primary Finding Reference

Asthma Transcriptome 1
Bayesian networks

TGF-b1 is a key regulator of IL13-
dependent asthma responses

21

Asthma Transcriptome 1
PPI network

PPAR and INF pathways regulate
response to glucocorticoids

29

Asthma SNPs 1 PPI network Identified nonsynonymous SNPs in the coding
sequences of the toll-like receptor network

39

Asthma OMIM 1 transcriptome 1
PPI network

Suggests that GNB2L1 plays a role as an
important signaling mediator in asthma

40

Asthma and smoking Transcriptome 1 IPA TIMP1 and TSBH1 are related to oxidative
stress

41

COPD COPD comorbidities (expert) 1 PPI COPD multimorbidities share genes and
biological pathways

42

COPD Transcriptome 1 mutual information COPD is associated with failure to
regulate bioenergetics pathways

19

COPD Transcriptome 1 IPA There is distinct gender specificity in
response to acute smoking and COPD

25

Lung cancer PPI network Up-regulated genes tend to be highly
connected, contrary to down-regulated
genes

28

Multiple (diseasome) OMIM Shared genes suggest common origin for
diseases

17

Pseudomonas aeruginosa in
chronic cystic fibrosis

Transcriptome 1 metabolome 1
KEGG

Up-regulation of a pathogen’s genes involved in
adaptation during disease progression
represent potential therapeutic targets

24

Pulmonary hypertension miRNA transcriptome 1 target
prediction

Identified miRNA-21 as a regulator of disease
pathways

22

Definition of abbreviations: COPD = chronic obstructive pulmonary disease; IPA = ingenuity pathway analysis (QIAGEN), commercial software for
network/pathway analysis; KEGG = Kyoto Encyclopedia of Genes and Genomes; OMIM = Online Mendelian Inheritance in Man; PPI = protein–protein
interactions; SNPs = single-nucleotide polymorphisms; TGF = transforming growth factor.
The diseasome contains information related to several respiratory diseases, including asthma, COPD, and lung cancer.
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the relationships among them (Figure 1A).
This structure (or layout) can be used to
represent multiple types of data from social
interactions (e.g., Facebook) and cultural
history (15) to cellular signaling (16). This
flexibility has fueled its incorporation into
research approaches that require the ability
to integrate and interrogate large and
disparate datasets (e.g., omics-based data).
Hence, networks can be used to represent
cellular pathways, where the nodes
correspond to molecules and the edges to
the biochemical actions that molecules
perform. Edges can be directed (e.g.,

protein A phosphorylates protein B, but the
opposite is not true) or undirected (e.g.,
protein A interacts with protein B, and
the opposite is also true) (Figure 1A).
Nodes and edges in the network convey
information about the biological processes
occurring in the cell, and this information
can be used by computational methods that
aim to identify the dynamic behavior of the
network (i.e., changes in biochemical and/
or physiological activity with time).
Accordingly, there is interest in identifying
the structure of disease networks and
understanding the dynamic effects of

perturbations (e.g., gene knock out/knock
down, pharmacological intervention,
etc.).

Networks can also be used to model
other types of information. For example,
the so-called human diseasome connects
diseases (clinical level) and genes (molecular
level) (17). This bipartite network (i.e., a
network containing two disjoint sets of
nodes: diseases and genes) can produce
two different projections: (1) the gene
network, whose nodes are genes—and
two genes are connected if they are
associated with the same disease, and (2)
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Figure 1. (A) Nodes represent entities (e.g., molecules, diseases, conditions) and edges relate nodes to one another. The relations may be directed
(left) or undirected (right). (B) Network analysis workflow: the network structure can be learned de novo from experimental data or obtained from
knowledge databases like Kyoto Encyclopedia of Genes and Genomes (KEGG) and Reactome. Integrating experimental data enables the identification
of disease-related subnetworks (modules). (C–E) Cellular pathways can be represented as networks. In metabolic networks (C), nodes represent
metabolic compounds (Glucose, Glucose-6P, Fructose-6P) and enzymes (HK1 = hexokinase, PGI = phosphoglucoisomerase) connected through
a reaction. In signaling networks (D), nodes represent proteins (e.g., SOS, RAS, RAF) and edges represent the processes that facilitate (↓) or block (’)
the flow of information (i.e., signal transduction; e.g., phosphorylation of MEK by RAF1). In gene regulatory networks (E), nodes represent
transcription factors (TF) (e.g., STAT1 and STAT2) and target genes (e.g., PKR), and edges indicate activation (or repression) of the target gene’s
expression by the regulating TF. ISGF3 = IFN-stimulated gene factor 3; PPI = protein–protein interactions; TSS = transcription start site.
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the disease network, whose nodes are
diseases—and two diseases are connected
if they are associated with the same
genes (17). Analysis of the disease
projection revealed that many diseases
share gene connections, suggesting that
there are underlying common causes
to many disorders (e.g., most cancers
are connected through TP53 and
PTEN, emphasizing the role that
mutations in these genes play in cancer
pathogenesis).

Application of Network
Analysis to the Investigation
of Respiratory Diseases

Network Inference Methods
One of the most common applications
of network analysis is network inference,
where the structure of the network (that
is, the relationships between connecting
nodes) is unknown, and the aim is to
reconstruct it from experimental data. In
other words, the goal is to identify the
regulatory relationships and/or interactions
between biological components. For
example, in signaling networks the objective
is to identify which protein regulates which
other protein and, in gene regulatory
networks, which TFs regulate which target
genes.

Experimental determination of cellular
pathways is costly and time consuming;
hence, methods that automatically
reconstruct cellular pathways from
experimental omics data have attracted
considerable interest. Many approaches
have been developed to solve this question
and have provided in some cases
mechanistic insight. For example, mutual
information, a measure of statistical
interdependency between two random
variables, can be used to reverse-engineer
cellular networks (18). Turan and
coworkers applied this approach to
integrate gene expression, blood cytokine
levels, pulmonary gas exchange, and
skeletal muscle function in COPD, and
identified hypoxia as a potentially critical
factor contributing to skeletal muscle
dysfunction in these patients (19).

Another approach to network inference
involves the use of Bayesian networks,
which are a type of probabilistic graphical
model where nodes represent conditional
probability densities and the network
provides the joint probability distribution

over the set of variables. Bayesian networks
have been applied to successfully
reconstruct known signaling and regulatory
pathways from gene expression and other
types of omics data (16) and also to
construct decision systems for diagnosis
and treatment of ventilator-associated
pneumonia (20). Novershtern and
colleagues used Bayesian networks to
integrate gene expression profiles in
a murine asthma model, which highlighted
the role of transforming growth factor-b1

as a critical regulator of IL13-dependent
responses (21).

A general limitation preventing the
successful application of network inference
approaches to human diseases is the
requirement of large datasets generated
under different experimental conditions
(i.e., system perturbations) to reliably
predict interactions among elements of
the system. This is a particular obstacle
in many clinical studies where sample
numbers and the ability to perform
perturbations are often limited. A somewhat
tangential approach to reconstruct networks
is to integrate experimental evidence
combined with computational predictions.
For example, Parikh and colleagues created
a miRNA/target gene network associated
with pulmonary hypertension using in silico
prediction of miRNA targets from miRNA
expression data (22). They demonstrated
that miRNA-21 represses RhoB and Rho-
kinase expression, which is related to
decreased angiogenesis and vasodilatation.
This approach is also commonly applied to
reconstruct gene regulatory networks using
TF ChIP-seq data.

Module Identification Methods
The second most common application of
network analysis is module identification.
Amodule, or subnetwork, is a distinct subset
of functionally related nodes and edges
that are expected to physically interact more
frequently and show stronger functional
dependencies with each other than with
other molecules in the network (23). In
module identification, the global network
is interrogated using a range of topological
analysis methods (reviewed in Reference
23) to identify densely interconnected
regions associated with some characteristic
of interest (e.g., asthma treatment;
Figure 1B). These methods are based on the
principle that modular structures such as
biochemical/signaling cascades or protein
complexes exhibit characteristic patterns

of interaction. Modules can be further
investigated by functional enrichment
approaches (e.g., gene ontology enrichment
analysis) to evaluate if the molecules
implicated in an analysis are functionally
relevant as well as discover unexpected
shared functions. Module identification
can be a powerful approach to identify
subphenotypes of disease or unique
therapeutic responders and is being
incorporated into system medicine–based
studies in respiratory disease (5).

Knowledge Databases
The network structure may be inferred
from the data, but it may also be obtained
from databases that accumulate the
current knowledge of cellular pathways.
Typically, these databases organize the
information distinguishing between
metabolic and signaling pathways.
Metabolic networks are, by far, the best-
characterized biological network, with
most of the relevant pathways and
relationships (reactions) determined.
Several databases provide access to the
known metabolic network information
in humans and other organisms,
including the Kyoto Encyclopedia of
Genes and Genomes (KEGG; www.kegg.jp)
and the Reactome project (www.reactome.
org). For example, Oberhardt and
colleagues integrated gene expression
data with the metabolic network for the
pathogen Pseudomonas aeruginosa in the
context of chronic cystic fibrosis lung
infection and identified pathogen
adaptations to disease progression (24).
The metabolic network was determined
experimentally by flux analysis, and
assignment of genes to reactions was
accomplished with information from
KEGG metabolic pathways and other
databases (24).

Signaling networks are relatively
uncharacterized, with new pathways
being constantly discovered. Current
knowledge is cataloged in web databases
like KEGG and Reactome. A particularly
useful characteristic of the KEGG database
is that it contains “disease pathways,”
which are collections of pathways that
contain genes associated with a particular
disease (e.g., asthma). This information
can be combined with alterations in gene
expression to focus on disease-specific
alterations. An example is our study that
examined the leukocyte transcriptome after
exposure to cigarette smoke (25). Results
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identified a number of genes (as well as
their ontologies and interaction networks)
that were differentially expressed
exclusively in patients with chronic
obstructive pulmonary disease and
revealed significant sex differences (25).
Unfortunately, the representation of
respiratory disease pathways in KEGG is
rather limited, only including information
on “small cell lung cancer,” “non-small cell
lung cancer,” and “asthma,” with the latter
being a very naive representation of the
complex mechanisms that drive the disease.
This highlights a key limitation in the
respiratory field, and significant efforts
are required to increase the content and
functionality of respiratory disease–specific
pathways to take full advantage of
systems biology approaches.

Protein–Protein Interaction Networks
A key characteristic of signaling networks
is that proteins need to interact with other
proteins to perform their regulatory
functions. Therefore, a way to systematically
decipher the cell’s signaling networks is to
identify the network of protein–protein
interactions (PPIs) or interactome (26).
Despite some limitations (26), PPI
networks have been successfully applied
to elucidate biological mechanisms by
integrating PPI data with transcriptional
changes (27). In these approaches, the
statistical significance of the change in
expression can be used to score each

protein in the PPI network, with higher
scores corresponding to genes with lower
P values. This scored network can be used
to identify modules that contain proteins
with high scores, which are associated
with the cellular responses (Figure 2A) (23).
Wachi and colleagues used a combined
interactome/transcriptome approach
to study the topological features of
differentially expressed genes in lung
squamous cancer tissue (28). They reported
that differentially expressed genes in lung
cancer tend to be connected in the PPI
network to other differentially expressed
genes, suggesting the existence of functional
modules of coregulated genes. In a similar
fashion, we combined PPI and gene
expression data to study the effect of
inhaled corticosteroids in patients with
asthma treated with fluticasone (29). The
identified PPI network module suggested
a link between the regulation of gene
expression by glucocorticoids, activation
of the PPAR pathway (by up-regulation of
PPARGC1A and RXRA), and repression of
the type I interferon pathway (by down-
regulation of STAT1 and IRF9).

Gene Regulatory Networks
Despite the critical role that TFs play in
regulating cellular processes and their
association with diseases, gene regulatory
networks are by far less well characterized
(30). Pioneer studies in bacteria and yeast
enabled the discovery of essential network

motifs (i.e., a recurrent type of subnetwork,
like the feedforward loop) that regulate
the dynamics of transcriptional regulation
(31). However, transcriptional regulation
is more complex in higher eukaryotes.
Enhancers may be located thousands of
nucleotides away from their targets,
challenging the identification of functional
enhancers/promoters and the pairing of
TFs and target genes. Moreover, TFs
cooperate with other TFs to form
a combinatorial code that regulates the
expression of target genes in what are
called transcriptional regulatory modules
(TRMs). Elucidating these TRMs is key
to understanding how TFs regulate
transcriptional programs but requires the
systematic characterization of many TF
binding profiles (32). We recently
exploited this idea and developed a new
network analysis method (called rTRM)
that uses information about PPIs and TF
binding to identify TRMs (Figure 2B)
(32, 33). The application of rTRM to
respiratory disease should help elucidate
the role of TFs in driving disease
phenotypes.

Network Analysis as an Integrative
Platform
Over the past 2 decades there has been
a proliferation of technologies capable of
measuring a range of molecules in the
cell and their associated interactions (5),
including probe hybridization technologies
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Figure 2. (A) Use of protein–protein interaction (PPI) networks to gain insight into signaling networks. Red nodes represent proteins with high score
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(e.g., microarrays, ChIP-on-chip),
sequencing technologies (e.g., RNA-seq,
ChIP-seq), and mass spectrometry (e.g.,
proteome, phosphoproteome, metabolome,
glycome, lipidome). These approaches
have resulted in a substantial increase in
the available data to investigate
respiratory diseases (5). Because
developments in these technologies will
certainly continue to increase, the
amount, type, and structure of data
available for systems medicine–based
studies will grow concomitantly.
Accordingly, a major challenge is how
to integrate these datasets into coherent
disease models. Network analysis
provides a framework to incorporate
this information. For example, nodes
can integrate information on different
measurements made by different
technologies on the same molecule.
Likewise, nodes representing diseases or
phenotypes can also be integrated into
the network via connecting them to
other nodes (e.g., diseases connected to
genes in the diseasome network [17, 34]).
However, a difficulty of this approach is
that increasing complexity in the network
model results in commensurate increase
in computational complexity (i.e., increased
number of parameters). Furthermore, there
is generally limited availability of
experimental data measuring the effect(s)
of perturbations (e.g., disease state, knock
out, knock down, etc.), over time, which
is necessary to reliably estimate the
dynamic behavior of the network.
However, as the availability of experimental
data on biochemical and pathophysiological
interactions in the lung continues to
accumulate, our ability to apply network
methodologies will expand.

Software Tools for Network
Analysis

There is a plethora of software tools for
network analysis, which cannot be succinctly
reviewed herein, and the interested reader
is referred to recent reviews (35, 36). We
highlight here two popular projects, Cytoscape
and Bioconductor, which provide a variety of
free tools for network analysis. Both resources
are well-established projects, likely ensuring
their long-term continuity and adaption to
new technologies. It is expected that these
projects will be the primary tools used in the
applications of network analysis to explore
pulmonary diseases.

Cytoscape (http://cytoscape.org) provides
a point-and-click user-friendly interface (37).
The basic functionality includes reading,
annotating, and manipulating networks. The
software environment can accept multiple
types of data in a range of different formats,
which can then be incorporated into network
generation. It is also possible to import
network information from biological
databases, including KEGG, Reactome, and
BioGRID. Additional capabilities are available
as plug-ins contributed by the research
community (Table 2).

The Bioconductor project (http://
bioconductor.org [38]) implements
methods for the analysis of biological
data for the R platform (http://r-project.
org). Although working in R may be
challenging for the uninitiated user, its
flexibility and powerful statistical
capabilities, combined with the large
collection of contributed packages, makes
R one of the most popular statistical
software packages. There are many R
packages focusing on biological
applications and networks. Most of these

packages can be found at the CRAN
repository (http://cran.r-project.org) and at
Bioconductor (Table 2). Finally, a number
of packages allow communication between
Cytoscape and R, providing the best of each
platform (Table 2).

Conclusions

The increasing accumulation of omics-
based datasets describing cellular
mechanisms and their relation to clinical
phenotypes holds the potential to elucidate
mechanisms of complex lung diseases.
However, this information cannot be easily
analyzed or understood using classical
research approaches, and novel systems-
based integrative methods are needed.
Network analysis provides a starting point
for these new analytical approaches, which
needs to be combined with rigorous clinical
phenotyping to provide quantitative patient
profiling. Yet, although promising, there are
a number of obstacles in the widespread
adoption of these research approaches,
including: (1) insufficient methods for data
integration and network generation/
interrogation, especially for the
nonspecialist; (2) paucity of databases with
sufficient biological content, particularly in
relation to pulmonary diseases; and (3)
scarcity of interactions between clinical and
informatics researchers. We believe that
these limitations will be addressed in the
near future, and network analyses will
become a common approach in systems
medicine–based studies of human
respiratory diseases. n

Author disclosures are available with the text
of this article at www.atsjournals.org.

Table 2. Selected Software Tools for Network Analysis

Name Platform Purpose Ref

bayelviraApp Cytoscape Bayesian network inference 43
jActiveModules Cytoscape Identification of network modules 27
CyTargetLinker Cytoscape Link regulatory (transcription factor) information 44
DisGeNET Cytoscape Query disease–gene networks 45
minet Bioconductor Inference of networks using mutual information 46
birta Bioconductor Bayesian network inference 47
BioNet Bioconductor Identification of network modules 48
rTRM Bioconductor Identification of transcriptional regulatory modules 32
Cyrface Cytoscape Interface between Cytoscape and R 49
RCytoscape Bioconductor Interface between Cytoscape and R 50

Selected tools from the Cytoscape (http://apps.cytoscape.org) and Bioconductor (http://www.bioconductor.org/packages/release/) packages for the analysis of
biological networks. Additional information for other software tools for network analysis in R can be found at CRAN (http://www.r-project.org).
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