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Abstract Since the completion of the Human Genome Project and the advent of the large
scaled unbiased ‘-omics’ techniques, the field of systems biology has emerged. Systems biology
aims to move away from the traditional reductionist molecular approach, which focused on
understanding the role of single genes or proteins, towards a more holistic approach by studying
networks and interactions between individual components of networks. From a conceptual
standpoint, systems biology elicits a ‘back to the future’ experience for any integrative physiologist.
However, many of the new techniques and modalities employed by systems biologists yield
tremendous potential for integrative physiologists to expand their tool arsenal to (quantitatively)
study complex biological processes, such as cardiac remodelling and heart failure, in a truly
holistic fashion. We therefore advocate that systems biology should not become/stay a separate
discipline with ‘-omics’ as its playing field, but should be integrated into physiology to create
‘Integrative Physiology 2.0’.
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Introduction

Maintenance of homeostasis is essential for survival of
an organism. The cardiovascular system has therefore
developed a high degree of plasticity to maintain
circulatory homeostasis in a wide variety of circumstances.
Defence mechanisms include acute adjustments, e.g. the
cardiovascular adaptations to a sudden increase in physical
activity, as well as chronic adjustments, e.g. cardiac
remodelling to a chronic elevation in haemodynamic
loading conditions following myocardial injury, volume

or pressure overload. These adjustments require highly
integrated and orchestrated responses involving a large
number of controlled variables. In view of the importance
of adequate circulatory responses for the survival of
an organism, these processes are characterized by a
high level of redundancy involving complex signalling
pathways that display significant interactions at multiple
levels. Integrative physiology has been able to decipher
many aspects of cardiovascular homeostasis, including
the regulation of coronary blood flow (Duncker & Bache,
2008) as well as the short- and long-term regulation of
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blood pressure and cardiac function (Guyton, 1992; Hester
et al. 2011). In other areas of cardiovascular homeostasis,
including cardiac hypertrophy, integrative physiology has
provided tremendous insight into this process at the organ
and cellular level, but only very limited insight into its
molecular basis (Fig. 1). The emergence of the field of
molecular biology has enabled cardiovascular researchers
to obtain deeper insight into this complex process (Mudd
& Kass, 2008).
Initial molecular studies in the cardiovascular field
principally consisted of observational work, looking at
gene and/or protein expression and changes therein in
cardiovascular disease states (e.g. Katz, 1988; Brand et al.
1992). These studies were followed by more mechanistic
approaches to test the involvement of identified (novel)
genes and their products, mainly by virtue of knocking out
and/or over-expressing a gene of interest (Frey & Olson,
2003; Heineke & Molkentin, 2006). This reductionist
approach has significant value in monogenic diseases.
However, the use of genetic models in studies of cardiovascular disease soon illustrated the complexity of cardiovascular diseases, as many gene knock-out animal models
lacked a clear phenotype. These findings were initially
interpreted to suggest that the gene was not important,
while a more physiological interpretation is that other
genes increased their activity and acted to compensate.
These observations, in conjunction with the completion
of the Human Genome Project and the advent of the

J Physiol 589.5

‘-omics’ technologies, stimulated the emergence of the
field of systems biology. As outlined elsewhere in this
issue of The Journal of Physiology, systems biology aims
to move beyond the traditional reductionist molecular
approach (which focused on understanding the role of
single genes or proteins), towards a more holistic approach
by studying networks and interactions between individual
components of networks. The strength of this integrative
molecular approach is that, even when a perturbation in
a molecular pathway does not result in clear phenotypic
changes, the responsible compensatory adaptations will
likely be mirrored in adaptations in the transcriptome,
proteome and/or metabolome. Until now, systems biology
has been mainly considered a research field in its own
right. However, to date systems biology has been applied
to relatively simple systems, including cultured cells and
bacteria, but has not been applied to studies of homeostasis
in complex organisms, including mammals, a field that has
traditionally been the domain of integrative physiology
(Fig. 1). We believe that integration of the complementary
disciplines of systems biology and integrative physiology
is essential to advance our understanding of complex
biological processes.
In this article we will present studies on the adjustments
of the myocardium to acute and chronic increases in
loading conditions, in order to highlight the established
strengths of classical integrative physiology and the
promise of integrating systems biology and physiology. We
begin to review our studies using classical in vivo physiology approaches to study regulation of cardiac function
and coronary blood flow in response to acute exercise. We
will then discuss how we have implemented biochemistry,
molecular biology, and more recently bioinformatics to
study biological processes in a more holistic rather than
reductionistic fashion to understand complex processes
such as cardiac remodelling and hypertrophy.
Plasticity of the cardiovascular system: acute
responses to exercise

Figure 1. From systems biology and classical integrative
physiology towards Integrative Physiology 2.0
A process such as cardiac remodelling should be studied at different
levels and the findings integrated. The bars on the left illustrate the
dichotomy between classic integrative physiology and systems
biology. The bar on the right illustrates the ‘Integrative physiology
2.0’ approach, which integrates the large scale unbiased ‘-omics’
studies of systems biology with integrative physiology. Levels shown
with a grey font have not been studied by our group, to date.

One of the most dramatic challenges for the cardiovascular
system is represented by sudden heavy physical exercise,
requiring both central and regional haemodynamic
adjustments in order to meet increases in metabolic needs
of skeletal and cardiac muscle. A fivefold increase in
cardiac output together with a redistribution of flow
away from visceral organs and tissues is needed to
accommodate sufficient increases in skeletal muscle and
myocardial blood flow. The increases in muscle blood
flow are facilitated by a small increase in aortic blood
pressure but are opposed by the compressive forces
generated by the contracting muscle, acting on the intramuscular vasculature. Consequently, the increases in flow
are principally due to vasodilatation of the resistance
vessels within the skeletal and cardiac muscle.

C 2011 The Authors. Journal compilation 
C 2011 The Physiological Society

J Physiol 589.5

Integrative Physiology 2.0

A large number of vascular control mechanisms have
been identified that can contribute to metabolic regulation
of resistance vessel tone in the heart and skeletal muscle
(Fig. 2), including blood-derived, endothelial, metabolic
and sympathetic influences. However, unravelling of the
exact mechanism that mediates the exercise-induced vasodilatation has proven to be difficult (Laughlin et al.
1996; Rowell, 2004; Tune et al. 2004; Duncker & Merkus,
2007; Duncker & Bache, 2008). Since maintenance of
tissue perfusion is essential for adequate cardiac and
skeletal muscle function and organismal survival, it is
not surprising that regulation of tissue blood flow is
characterized by a high number of redundant control
mechanisms (Rowell, 2004; Duncker & Bache, 2008).
A consequence of this non-linear redundancy design is
that pharmacological blockade of a single vasodilator
mechanism may have little or no effect (and may thus not
reveal the actual contribution of that mechanism), as other
vasodilator pathways will increase their activity and act to
compensate. Only when multiple pathways are blocked
will an effect become apparent, which is then greater
than the sum of the effects of blocking the individual

pathways. Indeed, studies in cardiac and skeletal muscle
have demonstrated that simultaneous blockade of various
vasodilator substances was required to attenuate the
increase in skeletal muscle flow (Murrant & Sarelius, 2002;
Boushel, 2003) or coronary blood flow (Duncker & Bache,
2008) during exercise. These observations demonstrate
the importance of an integrative approach looking at the
whole system and the interaction between the individual
components.

Plasticity of the cardiovascular system: cardiac
remodelling after myocardial infarction

The cardiovascular system is not only able to respond
quickly to acute challenges, but also has the plasticity to
respond to chronic changes in haemodynamic loading
conditions, for example as occurs following an acute
myocardial infarction (MI). Loss of a significant portion
of myocardial tissue results in an immediate decrease
in cardiac pump function, leading to neurohumoral
activation that is aimed at restoring pump function.

Figure 2. Schematic drawing of the various influences that determine coronary vasomotor tone and
diameter
Influences include autonomic nervous system activity, metabolic factors from cardiomyocytes and endothelial
factors. The latter are modified by physical forces (shear stress), as well as erythrocyte and platelet-derived products
acting on the endothelium. TxA2 , thromboxane A2 (receptor); 5HT, serotonin or 5-hydroxytryptamine (receptor);
P2X and P2Y , purinergic receptor subtypes 2X and 2Y that mediate ATP-induced vasoconstriction and vasodilatation,
respectively; ACh, acetylcholine; M, muscarinic receptor; H1 and H2 , histamine receptors type 1 and 2; B2 ,
bradykinin receptor subtype 2; ANG I and ANG II, angiotensin I and II; AT1 , angiotensin II receptor subtype
1; ET, endothelin; ETA and ETB , endothelin receptor subtypes A and B; A2 , adenosine receptor subtype 2; β 2 ,
β 2 -adrenergic receptor; α 1 and α 2 , α-adrenergic receptors; NO, nitric oxide; eNOS, endothelial NO synthase;
PGI2 , prostacyclin; IP, prostacyclin receptor; COX-1, cyclooxygenase-1; EDHF, endothelium-derived hyperpolarizing
factor; CYP450 , cytochrome P 450 2C9; KCa , calcium-sensitive K+ channel; KATP , ATP-sensitive K+ channel; KV ,
voltage-sensitive K+ channel; AA, arachidonic acid; L-Arg, L-arginine; O2 − , superoxide. Receptors and enzymes
are indicated by an oval and rectangle, respectively. From Duncker & Bache (2008), modified with permission from
the American Physiological Society.
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The neurohumoral activation results in a wide array of
responses varying from the immediate (seconds–minutes)
positive chronotropic, inotropic and lusitropic cardiac
effects and sub-acute (hours–days) volume retention,
to the chronic (days–months) cardiac remodelling,
characterized by hypertrophy of the cardiac muscle (Katz,
2003). All these responses aim to maintain pump function
of the injured heart. However, despite the apparent
appropriateness of the hypertrophic remodelling response
to maintain cardiac pump function early after MI (van
Kats et al. 2000), hypertrophic remodelling constitutes an
independent risk factor for the long-term development of
congestive heart failure (Levy et al. 1990; Vakili et al. 2001).
The mechanism underlying progressive deterioration of
left ventricular (LV) function towards overt heart failure
remains incompletely understood, but may involve (i)
continuous loss of cardiomyocytes through apoptosis
(Narula et al. 2006), (ii) a primary reduction in contractile function of the surviving myocardium (van der
Velden et al. 2004), (iii) alterations in extracellular matrix

Figure 3. Myocardial oxygen balance in normal and MI swine
Shown are the relations between myocardial oxygen consumption
(MV̇O2 ) and coronary venous oxygen tension (cvP O2 ) in 30 normal
swine (open circles) and 20 MI swine (open triangles) under control
conditions. Data were obtained at rest and during increases in M V̇O2
produced by graded treadmill exercise (1–5 km h−1 in normal swine
and 1–4 km h−1 in MI swine). In addition, we have depicted the
computed relations in MI swine if the ET (filled diamonds) and ANG II
(filled squares) vasoconstrictor influences (which were both
attenuated in MI swine) and the KATP (filled triangles) vasodilator
influences (which were enhanced in MI swine) would have been
identical to those in normal swine. The graph clearly illustrates that
the adaptations in coronary vasomotor control act to blunt
perturbations in oxygen balance in remodelled myocardium of swine
with a recent MI. Modified from Duncker et al. (2008) with
permission from Springer Science+Business Media.
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leading to progressive LV dilatation (Spinale, 2007), and/or
(iv) myocardial blood flow abnormalities, resulting in
impaired myocardial O2 delivery to the non-infarcted
region (van Veldhuisen et al. 1998). Blood flow to
the remodelled myocardium can become impeded as
the coronary vasculature does not grow commensurate
with the increase in LV mass and because extravascular
compression of the coronary vasculature increases with
increased LV filling pressures (Haitsma et al. 2001). In
addition, an increase in coronary resistance vessel tone,
secondary to neurohumoral activation and endothelial
dysfunction, could also contribute to the impaired myocardial oxygen supply.
Consequently, we explored in a series of studies the
alterations in regulation of coronary resistance vessel tone
in post-MI remodelled myocardium. For this purpose we
employed a porcine model of MI produced by permanent
ligation of the left circumflex coronary artery, which
results in transmural infarction of 20–25% of the LV free
wall, and studied swine at 2–3 weeks after induction of
MI. Swine were not only studied at rest but also during
graded treadmill exercise to further stress the remodelled
hearts and recruit the cardiac and coronary functional
reserve capacity, to facilitate elucidation of compensatory
mechanisms that become activated to maintain cardiovascular homeostasis. These studies indicate that myocardial oxygen balance is mildly perturbed in remodelled
myocardium. Thus at a similar level of cardiac work and
hence oxygen consumption, coronary blood flow and
hence myocardial oxygen supply are lower in MI compared
to normal swine, forcing the myocardium to increase its
oxygen extraction leading to a lower coronary venous
oxygen content (Fig. 3). That the relatively small degree
of perturbation in the oxygen balance was associated
with myocardial metabolic distress was also reflected
in the increased vasodilator influence through opening
of KATP channels, particularly during exercise (Merkus
et al. 2005b). Unexpectedly, we observed that despite
increased circulating levels of noradrenalin, angiotensin II
and endothelin-1, the coronary influences of α-adrenergic
tone were not increased (Duncker et al. 2005), while the
coronary vasoconstrictor influences of endogenous endothelin (Merkus et al. 2005a) and angiotensin II (Merkus
et al. 2006) were virtually abolished. Thus, early after
myocardial infarction, small perturbations in myocardial
oxygen balance were observed in remodelled myocardium.
However, adaptations in coronary resistance vessel
control, consisting of increased vasodilator influences
in conjunction with blunted vasoconstrictor influences,
acted to minimize the impairments of myocardial oxygen
balance (Fig. 3). These studies not only highlight the
plasticity of the post-MI remodelled heart and coronary
circulation, to minimize perturbations in myocardial
oxygenation in the face of increased compressive forces and
reduced capillary densities, but also illustrate the necessity
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to study these phenomena in an integrative manner in an
intact animal model.
Neurohumoral activation following MI initially
contributes to circulatory homeostasis, but will eventually
contribute to the progressive deterioration in LV function.
This concept is supported by studies showing detrimental
effects of amplification of neurohumoral activity by
phosphodiesterase-3 (PDE3) inhibitors in patients with
heart failure (Packer et al. 1991), while on the other
hand β-adrenergic receptor blockade (CIBIS Investigators
and Committees, 1994; CIBIS-II Investigators and
Committees, 1999; MERIT-HF Study Group, 1999) and
inhibitors of the RAAS system (Pfeffer et al. 1992)
have clearly shown long-term benefits in large cohorts
of patients with heart failure. Starting from these
observations in patients with heart failure, we took an
integrative approach to study the cellular and molecular
mechanisms underlying LV dysfunction observed in our
swine model ∼3 weeks after acute MI. In a first series of
studies, we demonstrated the presence of LV remodelling
(van Kats et al. 2000) and dysfunction (Duncker et al.
2001; Haitsma et al. 2001), necessitating an increased
oxygen extraction by the peripheral tissues (Fig. 4A) and
causing an increase in neurohumoral activation (Fig. 4B)
(Haitsma et al. 2001). Despite the increased neurohumoral activation, β-adrenergic inotropic (Fig. 4C) and
lusitropic (Fig. 4D) influences on the left ventricle were
markedly blunted, particularly during treadmill exercise
(van der Velden et al. 2004; Duncker et al. 2005). A
loss of β-adrenergic signalling was also suggested by an
attenuated response to PDE3 inhibition (Duncker et al.
2001). To further investigate the cellular mechanisms
underlying the global LV dysfunction, we performed
studies in isolated permeabilized individual cardiomyocytes (van der Velden et al. 2004). In myocytes
from the remote LV zone in MI hearts, we observed
abnormalities in myofilament force development, which
correlated well with the degree of LV remodelling, and
an increase in myofilament Ca2+ sensitivity (Fig. 5A)
(van der Velden et al. 2004). These alterations in
myofilament function are likely to contribute to the
systolic (Fig. 4C) and diastolic (Fig. 4D) LV dysfunction
observed in swine during β-adrenergic receptor activation
produced by treadmill exercise. The abnormalities in
myofilament function could be prevented, at least
in part, by treatment with chronic β1 -adrenergic
receptor blockade during the post-MI period (Duncker
et al. 2009). Analysis of myofilament proteins with
one- and two-dimensional gel-electrophoresis failed to
demonstrate significant alterations in phosphorylation
status under basal conditions, including to our surprise
the β-adrenergic target proteins cardiac myosin binding
protein C (Fig. 5C) and troponin I (Fig. 5D) (Duncker
et al. 2009). When the heart was stimulated with the
β-adrenergic receptor agonist dobutamine, the increase
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in troponin I phosphorylation was blunted in remodelled
myocardium (Fig. 5D) (Boontje et al. 2010). The increased
Ca2+ sensitivity of force development of post-MI myocytes
could be restored to normal (sham) values by incubation
with the catalytic subunit of protein kinase A (PKA),
the downstream kinase of the β1 -adrenergic receptor
(Fig. 5B). Taken together, these observations suggest that
PKA specific phosphorylation sites may be selectively
altered in post-MI hearts, which are the subject of ongoing
studies within our laboratory.
To complement the top-down approach (from
organism towards proteome) outlined above and to
further investigate the mechanisms underlying the LV
dysfunction following MI, we recently set out to
investigate transcriptional control of LV remodelling and
dysfunction. For this purpose, we performed microarray
analysis to find genes that are differentially expressed
in post-MI versus control hearts (Kuster et al. 2010).
Relations between the differentially expressed genes were
assessed by Ingenuity Pathway Analysis. This program

Figure 4. Functional changes at the whole-body and cardiac
level
Whole-body oxygen extraction (A) and circulating noradrenaline
levels (B) in resting and exercising swine with cardiac dysfunction
3 weeks after MI (filled circles) or sham surgery (open circles), and
maximum rates of rise (C) and fall (D) of left ventricular pressure
were plotted as a function of circulating noradrenaline levels. In each
group, data are shown during resting conditions and during
treadmill running at 2 and 4 km h−1 . The data show relatively little
functional deficit in resting conditions, but functional deficits at
higher endogenous sympathetic activation increasing with exercise
intensity. Based on Haitsma et al. (2001) with permission from the
European Society of Cardiology and van der Velden et al. (2004).
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builds networks of interacting molecules by connecting
as many differentially expressed genes as possible, and
allowing for hub molecules of which the expression
remains unchanged. Taken a non-supervised approach
(Fig. 6A), an important network was identified that
contained several genes encoding proteins involved in
β-adrenergic signalling, including the regulatory subunit of PKA (PRKAR2B), A-kinase anchoring protein 5
(AKAP5), calmodulin and calmodulin kinase (CaMK), of
which the expression was altered. In addition, subsequent
analysis of the β-adrenergic signalling network revealed
increased expression of PDE4 (Fig. 6B). If confirmed at the
protein level, the increased expression could contribute

J Physiol 589.5

to the observed blunted PKA influence on myofilament
Ca2+ sensitivity via (i) reduced cAMP production through
increased CaMK-mediated inhibition of adenylyl-cyclase
and increased cAMP breakdown by PDE4, and (ii)
inactivation of the catalytic subunit of PKA by increased
binding to the regulatory subunit of PKA.

Integrative Physiology 2.0

Systems biology approaches have not yet been applied
to the study of cardiac remodelling, largely because of
its tremendous complexity. Starting from observations in

Figure 5. Myofilament function and protein phosphorylation
A, determination of force development by skinned cardiomyocytes isolated from sham and post-MI pig hearts
at different exogenous Ca2+ concentrations showed reduced maximal force and increased Ca2+ sensitivity in
post-MI remodelled myocardium. B, Ca2+ sensitivity in the MI hearts was normalized to control (sham) values
by pre-incubation of skinned cardiomyocytes with exogenous protein kinase A (PKA). Force development was
measured before and after incubation with PKA. Force at maximal [Ca2+ ] was set to 1. The observation that PKA
abolished the difference in Ca2+ sensitivity between sham and post-MI cardiomyocytes suggests that the increase
in myofilament Ca2+ sensitivity is caused by lower levels of PKA-mediated phosphorylation of sarcomeric proteins.
C, two-dimensional gel electrophoresis showed no difference in the phosphorylation pattern of the PKA target
protein cardiac myosin binding protein (cMyBP-C) between sham and MI hearts. D, troponin I (TnI) phosphorylation
did not differ under baseline conditions between sham and MI heart. However, following intravenous infusion
of dobutamine the increase in TnI phosphorylation was attenuated in post-MI myocardium. Panels A and B were
adapted from van der Velden et al. (2004), C was adapted from Duncker et al. (2009) and D shows data from
Boontje et al. (2010).
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Figure 6. Network identification by Ingenuity Pathway Analysis
A, one of the major networks identified by unsupervised analysis of genes differentially expressed in post-MI vs.
sham myocardium. Genes in red and green are up- and downregulated after MI, respectively. Genes in white,
such as calcineurin, are not changed in expression but represent hubs between a large number of differentially
expressed genes. The data show that a number of genes of the β-adrenergic pathway are changed in expression.
B, simplified β-adrenergic signalling pathway identified by supervised data analysis, with upregulated genes in red
and downregulated genes in green. Colour intensities correspond to the degree of change, with a deeper colour
indicating a greater change. PP1 has been depicted with a red outline to indicate that we previously found an
increase in PP1 protein level. Data are from Kuster et al. (unpublished).

patients showing detrimental effects of PDE3 inhibitors
and beneficial effects of β-blockers, we have taken an
integrative approach to studying the mechanisms underlying LV dysfunction after MI (Fig. 7). We began by

Figure 7. Illustration of our ‘Integrative Physiology
2.0’ approach
Complex physiological processes such as cardiac
remodelling must be studied in detail at different levels
ranging from the transcriptome of cells all the way up
to the intact organism, and possibly even further to
population-based functional responses to pharmacons
(not shown). At each level, data should be integrated
with ‘higher’ and ‘lower’ levels, to build a
multidimensional picture of the ongoing processes.
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narrowing our experimental focus to the well-defined
clinical phenotype of post-MI LV remodelling and took a
top-down approach, starting in the awake pig and ending
with specific and generalized molecular investigations
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centred on transcriptomic and proteomic correlations
(Fig. 7) based on current knowledge (Adams, 2010).
Using a porcine model of post-MI remodelling, we first
demonstrated the presence of LV remodelling and pump
dysfunction in swine, necessitating increased oxygen
extraction by the peripheral tissues and causing an increase
in neurohumoral activation (organism). Despite the
increased neurohumoral activation, β-adrenergic receptor
mediated increases of LV function (organ) were blunted
(Duncker et al. 2005), which coincided with attenuated
LV inotropic responses to PDE3 inhibition (Duncker
et al. 2001). Further studies at the cardiomyocyte level
revealed abnormalities of myofilament force development
that correlated well with the degree of LV remodelling
(cellular compartment) (van der Velden et al. 2004). The
alterations in myofilament Ca2+ sensitivity appeared to
be mediated by loss of PKA catalytic activity (proteome),
and could be prevented by simultaneous treatment with
β1 -adrenergic receptor blockade, coinciding with an
improvement in LV pump function (Duncker et al. 2009).
Non-supervised as well as supervised network analysis
of microarray data (transcriptome) revealed significant
alterations in expression of genes encoding proteins
involved in β-adrenergic receptor signalling (Fig. 7). These
preliminary findings will be followed up by further studies
into translational and post-translation modifications.
Since the completion of the Human Genome Project
and the advent of the large scaled unbiased ‘-omics’
techniques, the field of systems biology has emerged.
Systems biology aims to move away from the traditional
reductionist molecular approach, which focused on
understanding the role of single genes or proteins, towards
a more holistic approach by studying networks and
interactions between individual components of networks.
From a conceptual standpoint, systems biology elicits
a ‘back to the future’ experience for any integrative
physiologist, and we feel that systems biology can benefit
from the knowledge and existing models of interaction
between systems available in physiology. Conversely,
many of the new techniques and modalities employed
by systems biologists yield tremendous potential for
integrative physiologists to expand their tool arsenal to
(quantitatively) study complex biological processes, such
as cardiac remodelling and heart failure, in a truly holistic
fashion. Such an approach may generate new hypotheses,
concepts and eventually novel treatments for the process of
cardiac remodelling and heart failure, which should subsequently be tested in a physiological setting. We therefore
advocate that systems biology should not become/stay a
separate discipline with ‘-omics’ as its playing field, but
should be integrated into physiology to create ‘Integrative
Physiology 2.0’, allowing interconnection and integration
of processes at the various levels of complexity and
organization within the pyramid of life.
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Abstract
Background: Although respiratory diseases exhibit in a wide array of clinical manifestations, certain respiratory
diseases may share related genetic mechanisms or may be influenced by similar chemical stimuli. Here we explore
and infer relationships among genes, diseases, and chemicals using network and matrix based clustering methods.
Results: In order to better understand and elucidate these shared genetic mechanisms and chemical relationships
we analyzed a comprehensive collection of gene, disease, and chemical relationships pertinent to respiratory
disease, using network and matrix based analysis approaches. Our methods enabled us to analyze relationships and
make biological inferences among over 200 different respiratory and related diseases, involving thousands of
gene-chemical-disease relationships.
Conclusions: The resulting networks provided insight into shared mechanisms of respiratory disease and in
some cases suggest novel targets or repurposed drug strategies.
Keywords: Interactome, Networks, Respiratory diseases, Lung disease

Background
The capability to catalog interactions among diseases,
chemicals, and genes into well-curated databases offers a
collective knowledge of experimental results that has
great potential for the generation of hypotheses and
meta-analyses. To date, many biological databases have
been established to catalog relationships among genes
[1], diseases [2], and chemicals [3]. Many of these databases
focus on one particular type of relational interaction, ranging from protein-protein interaction databases [1], genechemical databases [4], and disease-gene databases [2], and
are often constructed using data mining methods complemented by manual curation. The described databases, in
many instances, serve as the foundation for a wide array of
predictive and analytical methods to examine interactions.
They can also be extended to analyze interactions among
overarching themes, including analyzing gene-chemical interactions within the context of a given set of diseases or
protein-protein interactions within the context of peptide
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Integrated Center for Genes, Environment, and Health, National Jewish
Health, Denver, CO 80206, USA
2
Computational Bioscience Program, University of Colorado Denver,
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recognition [5,6]. Integration of multiple sources and types
of relational data remains an important and challenging research area with great potential toward the development of furthering our understanding complex
diseases and interactions.
Each year over 400,000 deaths occur in the United
States as a result of respiratory and related diseases
(RRD) [7]. Given the high prevalence and importance of
lung and respiratory diseases, we hypothesized that a
better understanding of the respiratory gene-chemicaldisease interactome would lead to better understanding
of the molecular mechanisms of lung disease, including
the environmental and drug influences, and more importantly, may lead to new treatment or intervention
strategies. In this study, we focus our efforts on the analysis of gene-disease-chemical relationships, in order to
elucidate and infer novel interactions and to understand
biology pertinent to respiratory diseases using network
and matrix-based methods.
Current network and matrix-based analyses of disease relationships has relied heavily on gene or protein-centric examinations [8-11], neglecting chemical features that may
also influence disease. Likewise, network analysis techniques have often been developed and utilized to examine
gene or protein relationships among diseases [12], but often
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neglect environmental or chemical factors that may influence disease. In cases where genes, diseases, and chemicals
have been analyzed, often the networks are decoupled to
allow for the analysis of a single entity or relationship type,
such as the effect of a drug on a gene network or the
elucidation of molecular mechanisms in disease [13-15].
Host-pathogen studies have also largely focused on a single
relational type, predominantly protein-protein interaction
relationships [16]. Here we apply methods to investigate
gene-chemical-disease networks, in order to better understand the genetic and chemical contributors of diseases,
elucidating novel biology and helping to further understand
shared disease pathology.

Results and discussion
Network construction

In order to compile a comprehensive dataset to examine
gene, disease, and chemical relationships pertinent to respiratory disease, we extracted information from the
Comparative Toxicogenomics Database (CTD) [4] and
the Human Protein Reference Database (HPRD). CTD
houses manually curated information pertinent to genedisease-chemical relationships for a wide variety of diseases, and HPRD houses information focusing on
protein-protein interactions from a wide array of experiments in humans and other model organisms. CTD offers a conservative and expert curated source of
interactions to form networks, and HPRD uses the same
normalized gene names as CTD.
We compiled and filtered our in-house database in
two ways. The first database, we refer to as the whole respiratory network (Additional file 1: Table S1), and the
second database we refer to as the therapeutic network
(Additional file 2: Table S2). The whole respiratory network
represents disease-gene, disease-chemical, chemical-gene,
and gene-gene interactions associated with respiratory
diseases. The therapeutic network, in contrast, consists of a
subset of the respiratory network, containing only chemicals with curated therapeutic interactions with diseases and the genes that interact with those chemicals.
These curated therapeutic interactions are established
using the “DirectEvidence” field from CTD. This network was called the therapeutic network as a reference
to this inclusion criterion. In addition to the therapeutic inclusion criteria, chemical-chemical interactions were also included based upon curated chemical
relationships derived from chemical gene-interaction
information. Gene-gene interactions were established
using the HPRD database [1].
To assess the directionality of chemical-gene interactions,
the uniqueness of chemical-gene and gene-chemical interactions were assessed. First, chemicals with disease interactions were batched queried using CTD, with an output
of curated chemical-gene interactions. Second, genes with
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disease interactions were batched queried using CTD, with
an output of curated gene-chemical interactions. The
intersection between these two sets was then calculated.
In the whole respiratory network, there were 27075 total
chemical-gene and gene-chemical linkages with 13543
remaining after accounting for bi-directionality of interactions. Given the small percentage of directional linkages (~0.05%), all links were treated as bi-directional.
The type of interaction was established for diseasechemical, disease-gene, and chemical-gene interactions. For
disease-chemical and disease-gene interactions, there were
three types of interactions based upon CTD curation:
therapeutic, marker/mechanism, and both therapeutic and
marker/mechanism. Chemical-gene interactions had three
major effects and one minor effect based upon CTD curation. The major effects are increasing, decreasing, and affecting expression or activity. The minor effect is based
upon the type of protein modification imparted by the
chemical onto the protein. The list of protein modification
includes: ubiquitination, phosphorylation, oxidation, cleavage, methylation, hydrolysis, hydroxylation, glycosylation,
glucuronidation, acetylation, nitrosation, ribosylation.
To establish chemical-chemical linkages and the type
of gene-chemical linkage, CTD was used [4]. Chemicalgene interactions were extracted with a query specifying
interaction type. Co-interactions between multiple chemicals and a gene were extracted from this list and
chemical-chemical linkages were established if two chemicals had a curated co-occurrence with a gene. A cooccurrence was determined when a secondary chemical
appeared in the interaction characteristics between a
chemical and a gene. The type of linkage between the
two chemicals was classified using the same type of link
used to classify chemical-gene interaction in which the
co-occurrence appeared. As there is often discordance
between the naming of chemicals, especially those with
pharmaceutical implications, a chemical reaction database and drug interaction database were not utilized for
establishing chemical-chemical interactions.
After construction of the network, Jaccard similarity
coefficients were generated between all nodes. Each coefficient was then classified based upon whether the two
nodes were connected and the type of nodes being connected. Figure 1 represents the three node interaction types
of interest: disease-gene interactions, disease-chemical interactions, and chemical-gene interactions. To test the alternative hypothesis that linked nodes are more similar
than unlinked nodes based upon a Jaccard coefficient,
Mann–Whitney U tests were performed on each of the
three sets with a null hypothesis that the similarity between
linked nodes and unlinked nodes is the same. In all three
cases, Mann–Whitney U tests showed with greater than
99.9% confidence that linked nodes were more similar than
unlinked nodes (p < 0.01). This suggests that the greater the
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Figure 1 Similarity of linked and unlinked nodes. Jaccard
similarity coefficients between linked and unlinked nodes in the
therapeutic network. LDG – linked disease-gene, UDG – unlinked
disease-gene, LDC – linked disease-chemical, UDC – unlinked
disease-chemical, LCG – linked chemical-gene, UCG – unlinked
chemical-gene. In all three sets, the linked nodes were more similar than
unlinked nodes determined by Mann Whitney U tests (p < 0.01). The
median for all unlinked node pairs is 0, with the medians for the linked
pairs: DG – 0.026, DC – 0, CG – 0.032.

similarity between nodes, the more likely they are to interact. To assess the stability of the Jaccard coefficient, single
edge additions were added to sub-networks. KolmogorovSmirnov tests were then run on the Jaccard coefficient
distributions of the individual sub-network against perturbations within that sub-network. The result is that no perturbation caused a significant shift in distribution (average
p-value ~ 0.99), with smaller sub-networks being more affected by perturbations (minimum p-value ~ 0.10). This
lack of significant change is due to an addition of one edge
having only small impacts on network topology, validating
the Jaccard similarity as a stable measure of similarity for
small amounts of missing data.
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performed similarly with median sub-network sizes of 4 for
MCODE and 3 for MCL. In the larger sub-networks both
methods displayed highly interconnected clusters. In the
therapeutic network, however, the clustering methods
performed much differently. MCODE had a median subnetwork size of 18, while still maintaining the highly interconnected networks, and MCL had a median cluster size of
3, and no longer exhibited an interconnected feature. We
also applied hierarchical clustering, utilizing a Pearson’s
correlation coefficient. Pearson’s has been shown to be a
highly robust unsupervised correlation that performs well
under a multitude of protein-protein interaction analyses,
from identifying regulatory networks to identifying groups
of proteins with shared functions [20,21]. A lack of a gold
standard gene-disease-chemical network is also why no
semi-supervised or supervised methods were chosen.
Node-edge analysis

For the whole respiratory network, nodes were input
based upon type (disease, chemical, gene) and edges based
upon types of nodes involved (disease-gene, gene-gene,
chemical-gene, disease-chemical) into Cytoscape [22], creating a network of 1,830 nodes and 17,275 edges. This
network became a test-bed for methods to improve subsequent analyses including constructing networks with only
one type of edge, and networks with filtered diseases,
chemicals, and genes of interest. These tests led to the
creation of both a gene-disease sub-network and the
therapeutic chemical network.
The gene-disease sub-network was visualized by Cytoscape to determine clusters of similar genes not seen in the
overall network. Figure 2 shows one such cluster of shared

Clustering methods

Evaluation of protein-protein interaction network clustering
methods is generally performed through the comparison of
gold standard regulatory networks or pathways. Since an
analogous gold standard gene-chemical-disease network
does not exist, for us to evaluate clustering methods, we selected high performing methods used for clustering
protein-protein interaction networks, with the added stipulation that their output is scalable to a more sparse and dissimilar network. MCODE and MCL, two widely accepted
and utilized clustering methods were tested for scalability
when adding additional node types [11,17-19]. The genegene portion of the network was used as a baseline for the
types and sizes of sub-networks that can be expected in an
ideal situation. In the gene-gene network, both algorithms

Figure 2 Gene-disease sub-network. Shared genes between
Pulmonary Fibrosis and Asthma. Many of these genes represent
similar pathophysiology in both diseases, such as activation of Th2 cell
inflammation by IL13 and IL4. Red links represent marker/mechanism links.
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genes between asthma and pulmonary fibrosis. Among the
genes we observe linked to pulmonary fibrosis and asthma,
we see the IL4 and IL13 cytokines. Both IL4 and IL13 are
involved in activating Th2 cell inflammation, involved in
asthma. Both IL4 and IL13 antagonists have also been
shown to be effective in asthma therapy through the dampening of inflammation associated with asthma. In addition
to being involved in asthma, IL13 has also been linked to
pulmonary fibrosis, stimulated by the activation of Th2 cell
inflammation, leading to tissue fibrosis. TGFB1 also induces
inflammation, apoptosis, and fibrosis in mouse models
[23,24], and has been associated with asthma. Networks
such as these may be used to identify shared genetic mechanisms or molecular pathways of disease, and can also be
used to identify novel drug targets or repurposed drug
strategies to combat diseases that may be clinically very different, but that may share common genetic or molecular
relationships.
For the therapeutic network, full information about the
interaction between nodes was input into Cytoscape and visualized using an organic graph layout [22]. Nodes were
colored by disease, chemical, or gene. Edges were colored
by positive interactions (therapeutic or increases), negative
interactions (marker/mechanism or decreases), mixed interactions (affects or therapeutic with marker/mechanism),
and color intensity weighted by any protein modifications.
Based upon database inclusion criteria, there were 388
genes, 227 diseases, and 578 chemicals. There were 10,679
linkages between these nodes, with each linkage having a
characteristic path length of 3 and each node having an
average of 18 neighbors. These numbers are about half that
of the whole respiratory network, both decreasing the size
of the network and making the network more directed towards finding positive interactions between chemicals and
diseases. Linkage statistics from both networks can be seen
in Table 1. A schematic of the overall process of creating
and analyzing the therapeutic network can be seen in
Figure 3.
To elucidate clusters of interest, the Cytoscape plugin
MCODE was run on the network using a degree cutoff
of 2, a node score cutoff of 0.2, a K-Core of 2, and a
max depth of 100 [17]. This resulted in 18 highly interconnected clusters with a diverse set of node types
(Additional file 3: Table S3), allowing the therapeutic
network to be investigated and parsed into manageable
sub-networks. These sub-networks offer a more manageable network to elucidate and identify novel and relevant
interactions. Figure 4 demonstrates two of these subnetworks. Non-connected nodes that occur in highly
interconnected sub-networks, particularly those with
shared neighbors, offer a refined starting point for inferring novel interactions. Connections of interest were investigated by randomly choosing 23 unlinked node-pairs
from the resulting sub-networks. These 23 inferred links
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Table 1 Network nodes and links
Whole respiratory

Therapeutic

Genes

426

388

Chemicals

1177

578

Nodes

Diseases

227

227

Total

1830

1193

Gene-chemical

13543

7587

Gene-gene

438

433

Chemical-chemical

0

435

Disease-gene

577

536

Links

Disease-chemical

2717

1688

Total

17275

10679

Counts of each type of node and linkage for both the whole respiratory
network and the therapeutic network.

were then analyzed by manually mining literature and
databases for evidence that the two nodes might be
linked by methods beyond those we used to establish
our networks. In the absence of a gold standard, manual
literature mining is often used to for validating inferences [25]. Supporting evidence for these inferred links
can be seen in Table 2.
One of these sub-networks, shown in Figure 4A, contains non-small-cell lung carcinoma and closely interacting genes and chemicals. From this sub-network, three
links were analyzed in greater detail: aspirin - EGFR,
acetaminophen - non-small-cell carcinoma, and piroxicam - non-small-cell carcinoma. Aspirin - EGFR is an
inferred link in this sub-network that was added as a direct link to an update of CTD that occurred after the creation of this network [4]. There was strong support in
literature for aspirin promoting EGFR inhibitors, enough
for a curated interaction between these two elements
[26,27]. This link represents a verified prediction both by
literature and by CTD, representing the effectiveness of
using sub-networks to find novel links. Acetaminophen Non-small-cell lung carcinoma is a link that has negative
support in literature [28]. In studies involving testing
multiple anti-inflammatory drugs for change in nonsmall-cell lung carcinoma outcome, they found no correlation between Acetaminophen and change in prognosis
[28]. The negative support for this link shows that while
sub-networks offer a starting point for testing inferred interactions, not all of the nodes will have a direct link. Lastly,
Piroxicam - non-small-cell carcinoma had direct and indirect literature support for this link [29,30]. There was increased immune function in lung cancer patients that had
piroxicam added to their drug regimens [29]. Also, piroxicam showed decreased tumorigenesis in mice with colon
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Figure 3 Network analysis flowchart. Interaction development pipeline for extracting interaction and node information from CTD and HPRD,
construction of network from interaction information, creating sub-networks from the network and clusters from the matrix, and identifying
biologically relevant information to make novel inferences.
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Figure 4 Visualization of sub-network interactions. A) Clustered sub-network containing non-small-cell lung carcinoma and a restricted view
of closely interacting chemicals and genes for visualization purposes. B) Clustered sub-network containing Cystic Fibrosis and closely interacting
diseases, chemicals, and genes.

cancer, suggesting this link might be present in other cancers as well [30]. This link represents a possible avenue for
further research. There is evidence to support that there
are beneficial effects of piroxicam on non-small-cell carcinoma prognosis; however, the full effects of this interaction
are not well understood.
Analysis of sub-networks also presents the ability to find
links for similar or comorbid diseases. In the cystic fibrosis

sub-network, Figure 4B, dobutamine interacts with both
of cystic fibrosis’ genes in the sub-network, suggesting a
link between dobutamine and cystic fibrosis. Upon searching the literature, dobutamine, especially in combination
with nitric oxide, improves pulmonary hypertension in
cystic fibrosis patients, a common comorbidity [31]. CTD
neither contains a link between dobutamine and cystic
fibrosis nor dobutamine and pulmonary hypertension.
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Table 2 Inferred interaction summary
Link

Inferred links

Literature support

Expression support

Database support

Anti-support

No support

Gene-disease

10

9

0

3

0

1

Gene-chemical

9

3

5

1

1

4

Chemical-disease

4

2

0

1

1

0

Type of inferred link and support for each link. Inferred link is number of currently non-linked node pairs analyzed in each category. Literature support means a
PubMed search resulted in a published article that supports the link. Expression support means there is literature support for gene expression changes. Database
support means that there is support for a link due to curation methodology or the link was added in later version of CTD. Anti-support means that literature
specifically says this link is not real, and no support means that no evidence could be found for or against the link.

interaction was not present in the network. While selfinteracting genes were utilized in generating Jaccard
similarity values, they were excluded from both the
background and the human signaling network during
the analysis. This is due to the fact there is no way to
distinguish between likely self-interactions and unlikely
self-interactions using a similarity measure that will always be 1.0 in the case of a self-interaction. This selection resulted in 1057 additional interactions for use in
validation.
A Mann–Whitney U test was performed on the human signaling network gene-gene interactions with the
null hypothesis that there is no similarity difference from
the background of possible gene-gene interactions. The
alternative hypothesis is that the novel interactions from
the human signaling interactions are more similar than
the background. This test resulted in a p < 0.01, showing
that these novel interactions are more similar than the
background. Just as the literature study, rank of the Jaccard coefficient was also important to whether or not an
interaction was found. There was an exponential relationship between the rank and inclusion into the human
signaling network with roughly 40% of the additional interactions being in the 90th percentile or greater
(Figure 5).

Jaccard similarity coefficients were generated for each
sub-network. These coefficients measured similarity using
only nodes and links present within the sub-network. Similarities were then averaged for each node, representing how
similar a given node is to the sub-network as a whole. The
same 23 unlinked node pairs from the previous analysis
were used to determine the relationship between similarity
and literature evidence. Similarity between the two nodes
was ranked against the similarity of all other pairwise Jaccard coefficients within the sub-network, with the similarity
being broken into one of three sets: upper 25th percentile,
middle percentile, and the lower 25th percentile. These
comparisons represent how similar the two nodes are to
each other, relative to the sub-network as a whole. Evidence
for a possible interaction was then manually mined from
published articles, and then compared to their similarity
classifications. Table 3 represents mined literature support
against similarity classification. With increasing similarity
between the two nodes, relative to their ranked similarities
within the sub-network, there was increasing evidence in
literature to support connection between the two nodes. In
addition to having a greater likelihood of evidence based
upon similarity, just being in the same sub-network increased the likelihood of two nodes having a connection
over the 0.015 probability of any two random nodes being
linked together in the databases used for constructing the
network. This shows a complimentary relationship between
clustering and similarity when trying to determine if there
is evidence to support two nodes being linked.
A more systematic evaluation of the relationship between Jaccard similarity and identifying novel links was
performed on a human signaling network [32]. ProteinProtein interactions from the human signaling network
were selected based upon both the interacting genes
being present in the therapeutic network while their

Matrix analysis

A binary interaction matrix was created using the network interaction triples for both the whole respiratory
and therapeutic networks, Values of 1 represent an interaction; whereas, values of 0 represent a lack of interactions. These matrixes were then used as input to Cluster
3.0, an open source clustering tool [33]. An uncentered
similarity matrix with average linkage was used to calculate hierarchical clustering. Output of the dendrogram

Table 3 Jaccard similarity assessment
Jaccard percentile

Support

Anti-support

No support

Percent support

75-100

7

1

1

77.8%

25-75

5

0

2

71.4%

0-25

4

1

2

57.1%

Supporting evidence for and inferred linkage utilizing the Jaccard coefficient between two nodes. The rank of the pairwise Jaccard coefficient within the sub-network was
compared to the ability to find evidence supporting the pairwise connection. A rank of 100 represents the highest Jaccard coefficient within the sub-network and a rank
of 0 represents the lowest Jaccard coefficient within the sub-network.
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Figure 5 Jaccard rank of human signaling network interactions.
Percent of gene-gene interactions that fall into a given percentile
range (broken into ranges of 10 percent) for both the background
of possible interactions and the novel interactions represented by
the human signaling network (HSN). A lower bound of the 10th
percentile represents the range of greater than the 10th percentile
to less than or equal to the 20th percentile. The discrepancy in that
the background percentiles are not exactly equal to 10% is due to
the fact that duplicates of Jaccard coefficients at the boundary
percentiles were treated the same as the boundary.

was viewed in TreeView [34]. Clustered interactions
from the therapeutic matrix are shown in Figure 6.
Individual clusters from the therapeutic matrix were
established using a 0.7 and 0.4 similarity threshold. Both
of these thresholds were chosen as they represent inflection points in the node count versus similarity graph, as
shown in Figure 7. Inflection points represent possible
changes in cluster characteristics, such as separating
high similarity clusters with medium similarity clusters.
The 0.7 threshold resulted in 71 clusters. The smallest
cluster had 2 nodes and the largest with 13 nodes. The
0.4 threshold resulted in 211 clusters (Additional file 4:
Table S4). The smallest cluster had 2 nodes and the largest with 45 nodes. The 0.7 threshold offers the highest
similarity between nodes; however, it often results in the
inclusion of nodes that only have a few total number of
interactions. The ERBB gene family was found in the 0.4
threshold but not in the 0.7 threshold. Also, the 0.4
threshold included both expansions and additions of
clusters, such as the expansion of and anti-histamine
cluster to include additional anti-histamines, and the
addition of a tumorigenesis gene cluster. This expanded
set of clusters supports the idea that the 0.4 threshold is
more useful for finding clusters of similar function, while
still maintaining a similar specificity as the clusters
found in the 0.7 threshold.
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Unlike sub-networks, clustering of the matrix elucidates families of chemicals, genes, and diseases with
similar phenotypes and chemical characteristics. Figure 8
shows clusters in each of these three node categories
from a similarity cutoff of 0.4. These clusters contain a
group of beta2-agonists (Figure 8A), ERBB family proteins (Figure 8B), and a group of fungal lung diseases
(Figure 8C). For the matrix clusters, genes had a tendency to cluster with other genes, chemicals with other
chemicals, and diseases with other diseases. Almost all
of the clusters were made up of elements of the same
type, supporting the idea that this matrix clustering approach is suitable for finding nodes with similar properties
versus the more diverse interactomes in the traditional subnetworks.
The assertion that subclusters can identify nodes with
similar properties can be used for predicting interactions
by analyzing overlap between cluster nodes and their
shared interactions. In a cluster containing SEPP1, GJB1,
SELENBP1, SLC22A18, A2M, and PDFGA, five out of
the six genes in this cluster have an association with
lung neoplasms. PDGFA, the gene not linked with lung
neoplasms, has associations with breast, prostate, head
and neck, and pancreas cancers. In addition, PDGFA increases with asbestos exposure, a chemical linked to
mesothelioma [35]. This increase is also associated with
tumorigenicity, supporting the assertion that PDFGA is
also a marker for lung neoplasms [35].
Ebastine, levocabastine, hydroxyzine, SUN1334H, azelastine, olopatadine, cetirizine, desloratadine, sho-seiryu-to,
epinastine, and tripolidine are a group of anti-histamine
drugs that target HRH1, all of which also have interactions
with rhinitis. These anti-histamine drugs also have antiinflammatory properties, revealed by seven drugs having
links to IL4, four having links to IL5, and four having links
to IL8. This is supported by a study that shows various
anti-histamines having anti-inflammatory properties in
rhinitis pathology [36].
MT2, MT1, CCL9, CCL8, ECM1, and SLC39A4 represent a diverse cluster of two metallothionein proteins,
two macrophage proteins, one extracellular matrix protein, and one zinc transporter protein. Many of these
genes regulate metal concentrations within cells and are
linked to respiratory hypersensitivity. Out of the five
shared chemicals, only acetaminophen is linked to respiratory hypersensitivity. However, four out of these five
chemicals have links to asthma, suggesting they may
play a greater role in respiratory hypersensitivity in general. This hypothesis is supported by the fact that zinc
deficiency alters respiratory epithelium in allergic response of mice [37].
Ofloxacin, amoxicillin clavulanate, clarithromycin, and
azizthromycin are a group of antibiotics that treat respiratory infections. The interactome of these antibiotics

Garcia et al. BMC Systems Biology 2014, 8:34
http://www.biomedcentral.com/1752-0509/8/34

Page 9 of 14

Figure 6 Therapeutic diffusion matrix. Therapeutic matrix clustered based upon uncentered Pearson’s correlation coefficient with average
linkages and then hierarchical clustering. Each red dot represents an interaction pair with the rows and columns representing nodes. The green
represents diffusion to aid in visualizing the sparse network. Node ordering is based upon similarity to adjacent nodes.

is shown in Figure 9. Of these antibiotics, only clarithromycin and ofloxacin have direct links to tuberculosis in
CTD. The drug combination amoxicillin-clavulanate has
literature support that it is effective in treating tuberculosis, whereas; amoxicillin alone is ineffective [38,39].
This increase in effectiveness with clavulanate is due to
the fact clavulanate inhibits an enzyme that makes
Mycobacterium tuberculosis resistant to amoxicillin
[38,39]. While literature shows that azithromycin alone
is also ineffective in treating tuberculosis isolates, literature shows that azithromycin in combination with
capreomycon, pyrazinamide, ethambutol, and isoniazid
improves outcomes in multi-drug resistant patients
over streptomycin, ethambutol, pyrazinamide, and isoniazid [40,41]. Given the fact that tuberculosis is often
treated with a combination of drugs, further evaluation
of amoxicillin-clavulanate and azithromycin within the
context of a drug regimen would offer a more practical
approach to evaluating the effectiveness of treating tuberculosis patients with these antibiotics. Also of note

are the links from azithromycin and clarithromycin to
IL6 and IL4 respectively. It is thought that even though
azithromycin does not directly kill M. tuberculosis in
cell culture, it may have a pro-immune effects that improves outcomes of tuberculosis patients, or may play
a role as an anti-inflammatory. BCL2L1 is affected by
clarithromycin, a known tuberculosis drug, and azithromycin, an inferred TB drug. This coupled with a
shared interaction of CCL2 between tuberculosis and
azithromycin promotes that idea that azithromycin
may have a therapeutic effect on tuberculosis through
an anti-inflammatory response. Through the analysis
of gene-disease-chemical networks we may gain better
insight into both the direct target and off target activities of certain drugs, useful in the identification of
drug repurposing strategies.
Node-edge versus matrix

While these two approaches take the same input, clustering produces two distinct results. Only eight of the
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Figure 7 Matrix similarity graph. Number of hierarchical clustered
nodes represented by a static cutoff for a given uncentered
Pearson’s correlation coefficient. The inflection point at ~ 0.4
similarity was used to generate clusters for analysis.

eighteen sub-networks contained a cluster from the matrix
where at least 50% of the nodes present in the matrix cluster were also present in the sub-network. Most of the
matrix clusters that overlapped with the sub-networks contained only two or three nodes. However, one sub-network
contained 11 of the 28 nodes in one matrix subcluster,
making it the most nodes shared between a sub-network
and a matrix cluster. These differences can be attributed to
both network construction and the types of interactions
that are obtained from each approach. Given the sparsity of
the network, especially in chemical-chemical interactions,
and the lack of disease-disease interactions, clustering coefficients and pairwise comparisons produce non-overlapping
results. Clustering coefficients from node-edge based approaches represent closely interacting genes, chemicals, and
diseases. These closely interacting nodes offer avenues of
exploration for finding novel interactions. Pairwise comparisons from matrixes represent nodes that share the same
interaction profile. This interaction profile can then be used
for determining both biological meaning and novel interactions for any pairs between the cluster nodes and the interaction profile nodes. Thus, these two approaches offer a
complimentary analysis strategy for sparse networks, enabling elucidation of both novel interactions and increasing
our biological understanding of node clusters.
The second distinction these two approaches offer is in
the visualization of interactions. Node-edge network approaches illustrate which nodes form a sub-network,
which nodes interact within these sub-networks, and the
types of interactions between each node, giving an all
encompassing view of the sub-network. Matrix-based approaches provide a broader view of interactions, offering a
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Figure 8 Clusters of elements from 0.4 similarity cutoff. A)
Beta2-agonists B) ERBB family proteins. C) Fungal lung diseases; A, ABP –
Aspergillosis, Allergic Bronchopulmonary; LD, F – Lung Disease, Fungal;
PA – Pulmonary Aspergillosis.

tool for visualizing not only how similar nodes and clusters are to each other, but also the interactions nodes
share outside of their individual clusters.

Conclusion
Current network analyses of disease are still highly focused on gene and protein-based networks, neglecting
environmental and drug effects that contribute to the
pathophysiology of a disease or sets of diseases. Our proposed methods integrate both the chemical and disease
entities into network and matrix-based analyses, allowing for a more complete systems understanding of the
underlying biology. With this addition of multiple different entity types comes the lack of a gold standard for
identifying specific genes, chemicals, and diseases that
should cluster together, providing a similar role as the
curated regulatory and pathway networks used to establish accuracy in protein-protein and gene-gene network
analyses.
In order to better investigate complex and sparse networks, such as the respiratory disease interactome, a multimethod approach utilizing methods proven effective in
gene-gene and protein-protein network-based analyses has
proven useful to elucidate and investigate different network
properties and the underlying biological context. In this
case we have used two approaches: a node-edge-based clustering coefficient with Jaccard similarity comparison approach applied to traditional networks, and a matrix-based
Pearson’s correlation coefficient with hierarchical clustering
approach. This allows identification of closely interacting
diseases, chemicals, and genes, as well as similar interaction
profiles either within or between these same elements of
interest. These two approaches help facilitate investigations
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Figure 9 Matrix cluster interactome. Cluster of oflaxacin, amoxicillin-clavulanate (Amox-Clav), azithromycin, and clarithromycin with closely
interacting genes and diseases.

on the underlying biology for a given disease, pathophysiology similarities across diseases, and chemicals
that may have a therapeutic indication outside of their
original use.
The shared interactome of four therapeutic antibiotics
(ofloxacin, amoxicillin clavulanate, clarithromycin, and
azizthromycin, (Figure 9) allows for an inference of
interaction between azithromycin and tuberculosis based
upon the interaction profile of a cluster generated by
hierarchically clustering a Pearson’s correlation coefficient matrix. This profile represents the layering of diseases, chemicals, genes and the interactions between
them, showing that while azithromycin has no known
anti-Mycobacterium tuberculosis properties, it does have
pro-host immune properties that may have therapeutic
merit for tuberculosis treatment.
These methods are also useful for finding drug targets. The shared interactome of pulmonary fibrosis
and asthma (Figure 1) demonstrates that Th2 cell inflammation is an important factor in both of these diseases, where a drug that improves the outcomes in one
of these diseases may also be useful for the other disease. Looking at these interactomes provides a broader
context for drug discovery and drug repurposing.

Chemical, gene, and disease interactomes offer a novel
approach to not only identify shared biology among diseases, but also offer a method for identifying possible
new drug targets and repurposed drug strategies. Layering additional interaction information, additional databases, and additional analysis techniques will allow for a
more complete systems-based analysis that will extend
to any complex disease interactome.

Methods
Network generation

Respiratory diseases and the curated chemical and genes
interactions with these diseases were extracted from
CTD using the January 9, 2012 database version [4].
Curated chemical-gene interactions were extracted
from batch queries using the chemicals and genes associated with respiratory diseases. Genes, chemicals,
and their associated links that did not contain a link
to a respiratory disease were removed from the list.
Duplicates of gene-chemical and chemical-gene links
were also removed from this list. Gene-gene interactions were established using the April 13, 2010 version
of the HPRD database [1]. Genes and their associated
interactions were excluded from the list if they did not
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contain a direct link to a respiratory disease. These interactions were further specialized by including only
chemicals with therapeutic interactions to respiratory
diseases in a therapeutic network, with the “therapeutic” name stemming from including only chemicals
with at least one therapeutic indication. The therapeutic indication for a chemical is determined from the
by the direct evidence field from CTD. Genes were
then excluded if they did not contain a link to one of
these therapeutic chemicals. Chemical-chemical links
and chemical-gene interaction characteristics for the
therapeutic network were established using the February
10, 2012 version of CTD [4]. Chemical-chemical links
were established using co-occurrence of chemicals in
chemical-gene interactions. A chemical was established
as co-occurring when a secondary chemical appeared
in the interaction characteristics of chemical-gene interactions. A triple was stored for each interaction, including
both interacting nodes and the type of interaction between
them.
Network and matrix visualization

A file containing the triples of interactions and a file
containing the type of node (chemical, gene, disease)
were loaded into Cytoscape [22]. Nodes were colored
based upon their type, with chemicals represented as
blue, genes as black, and diseases and orange. Interactions were colored based upon interaction characteristics, with positive interactions as green, negative
interactions as red, mixed interactions as purple, and
additional characteristics as increasing intensity.
A binary interaction matrix between nodes was created
using the network construction file containing interaction
triples. A value of 1 was used for any interaction type between nodes and a value of 0 was used for a lack of interaction between nodes. This binary interaction matrix was
visualized by creating a bitmap of clustered interactions
and the resulting dendrograms by using TreeView [34].
Network and matrix clusters

MCODE, a Cytoscape plugin, was used to generate each
of the sub-networks [17,22]. A degree cutoff of 2, and
node score cutoff of 0.2, a k-core of 2, and a max depth
of 100 were used as the MCODE parameters for generating clusters.
Cluster 3.0 was used to generate clusters for this matrix
[33]. An uncentered similarity with average linkage was
used to calculate the hierarchical clustering. Similarity
scores of 0.4 and 0.7 were used for creating clusters, based
upon inflection points Figure 7.
Jaccard similarity

Jaccard similarity coefficients were generated for both
the therapeutic network and for sub-networks using the
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Node1 ∩ Node2
following formula: Node1þNode2−
ðNode1 ∩ Node2Þ. This formula
calculates the intersection of the two sets divided by
their union. A set, in all cases, is all the nodes that interact with a given node, including any self-interactions.
The intersection of two nodes is all shared interactions
between the two nodes, with the union of the two nodes
being all the nodes that interact with at least one of the
nodes of interest. For the entire therapeutic network, a
Mann–Whitney U test was run with the alternative hypothesis that linked nodes are more similar than unlinked
nodes. For sub-networks, ranks of Jaccard coefficients were
calculated using the individual sub-network that a node
pair come from and then compared to the evidence of there
being an interaction.

Network stability

Sub-networks were used to assess the stability of the
network in respect to changes in Jaccard coefficient. For
a given sub-network, an additional network was generated for each missing edge. In each of these networks
one additional edge was added between two existing unlinked nodes, creating a unique set of networks. Jaccard
coefficients were then generated for each additional network. Two-sample Kolmogorov-Smirnov tests were used
to assess whether or not the distribution of the original
sub-network and the altered sub-networks was shifted.
This was done for each of the sub-networks and their
corresponding altered networks. The null hypothesis was
that the Jaccard coefficient distribution of the network
with an additional edge is the same as the unaltered subnetwork, with the alternative hypothesis being that the
distribution is shifted.

Programming

Original network parsing to establish interactions between nodes was done using perl version 5.12.4 on Mac
OSX 10.7. This includes parsing interactions between
genes, chemicals, and diseases, finding which chemicals
have co-interactions with genes, finding unique interactions and directional interactions between chemicals and
genes, finding interaction characteristics for disease-gene
and disease-chemical interactions, and selecting inclusion criteria for interactions of interest to develop each
network.
Further network parsing, matrix construction, and
dendrogram parsing was done using C#/.NET 4.0 on a
Windows 7 machine. This includes finding specific interaction characteristics for chemical-gene and chemicalchemical interactions, construction of the interaction
matrix, visualization of the interaction matrix, and
extracting clusters based upon a threshold from the output from Cluster 3.0.
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