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TOPICAL REVIEW

‘Integrative Physiology 2.0": integration of systems biology
into physiology and its application to cardiovascular
homeostasis
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and Dirk J. Duncker!
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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’

(Received 4 November 2010; accepted after revision 20 December 2010; first published online 4 January 2011)
Corresponding author D. J. Duncker: Experimental Cardiology, Thoraxcenter, Erasmus MC, University Medical Center
Rotterdam, PO Box 2040, 3000 CA Rotterdam, The Netherlands. Email: d.duncker@erasmusmc.nl

Introduction 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

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
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Dirk J. Duncker, Jolanda van der Velden, Diederik Kuster, Daphne Merkus and Adrie
Verhoeven work in the Cardiovascular Research Institutes of Rotterdam and Amsterdam
and collaborate on research into the pathogenesis and therapies of cardiac remodelling and
dysfunction following acute myocardial infarction. Their backgrounds are in biochemistry
(D.K., J.vdV,, A.V.), molecular biology (D.K., A.V.) and physiology (D.M., J.vdV., D.].D.).
Starting from in vivo observations in exercising pigs, they employ an integrative approach
to unravel the cellular, biochemical and molecular basis of cardiac remodelling and
dysfunction.
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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 cardio-
vascular disease soon illustrated the complexity of cardio-
vascular 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
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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.

integrative physiology 2.0

D. W. D. Kuster and others

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 physio-
logy 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

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 intra-
muscular vasculature. Consequently, the increases in flow
are principally due to vasodilatation of the resistance
vessels within the skeletal and cardiac muscle.

© 2011 The Authors. Journal compilation © 2011 The Physiological Society
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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 vaso-
dilatation has proven to be difficult (Laughlin ef 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
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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.

Endothelium ECE |cox-1 | CYP450 |
[AcE |LtE__ET- pdl, aa EDHF 02

Platelets
_ shear stress

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. TxA;, thromboxane A; (receptor); 5HT, serotonin or 5-hydroxytryptamine (receptor);
Pox and Py, purinergic receptor subtypes 2X and 2Y that mediate ATP-induced vasoconstriction and vasodilatation,
respectively; ACh, acetylcholine; M, muscarinic receptor; Hi and Hy, histamine receptors type 1 and 2; By,
bradykinin receptor subtype 2; ANG | and ANG II, angiotensin | and Il; ATy, angiotensin Il receptor subtype
1; ET, endothelin; ETa and ETg, endothelin receptor subtypes A and B; A, adenosine receptor subtype 2; B2,
B2-adrenergic receptor; a1 and a;, a-adrenergic receptors; NO, nitric oxide; eNOS, endothelial NO synthase;
PGl,, prostacyclin; IP, prostacyclin receptor; COX-1, cyclooxygenase-1; EDHF, endothelium-derived hyperpolarizing
factor; CYPy4s0, cytochrome Paso 2C9; Kca, calcium-sensitive K+ channel; Karp, ATP-sensitive K+ channel; Ky,
voltage-sensitive K channel; AA, arachidonic acid; L-Arg, L-arginine; O, ~, superoxide. Receptors and enzymes
are indicated by an oval and rectangle, respectively. From Duncker & Bache (2008), modified with permission from

the American Physiological Society.

© 2011 The Authors. Journal compilation © 2011 The 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 contrac-
tile function of the surviving myocardium (van der
Velden et al. 2004), (iii) alterations in extracellular matrix
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Figure 3. Myocardial oxygen balance in normal and Ml swine
Shown are the relations between myocardial oxygen consumption
(MVo,) and coronary venous oxygen tension (cvPo,) 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\'/o2
produced by graded treadmill exercise (1-5 km h=" in normal swine
and 1-4 km h=" in Ml swine). In addition, we have depicted the
computed relations in Ml swine if the ET (filled diamonds) and ANG I
(filled squares) vasoconstrictor influences (which were both
attenuated in MI swine) and the Karp (filled triangles) vasodilator
influences (which were enhanced in Ml 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 O, 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 myo-
cardial 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 cardio-
vascular homeostasis. These studies indicate that myo-
cardial 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 Karp 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 @-adrenergic
tone were not increased (Duncker et al. 2005), while the
coronary vasoconstrictor influences of endogenous endo-
thelin (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
oxygenationin the face of increased compressive forces and
reduced capillary densities, but also illustrate the necessity

© 2011 The Authors. Journal compilation © 2011 The Physiological Society
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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 B-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 er 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 neuro-
humoral activation, S-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 B-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 IV dysfunction, we performed
studies in isolated permeabilized individual cardio-
myocytes (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 Ca®* 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 8-adrenergic receptor activation
produced by treadmill exercise. The abnormalities in
myofilament function could be prevented, at least
in part, by treatment with chronic B;-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 B-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
B-adrenergic receptor agonist dobutamine, the increase

© 2011 The Authors. Journal compilation © 2011 The Physiological Society
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in troponin I phosphorylation was blunted in remodelled
myocardium (Fig. 5D) (Boontje et al. 2010). The increased
Ca?* 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 f;-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
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Figure 4. Functional changes at the whole-body and cardiac
level

Whole-body oxygen extraction (4) and circulating noradrenaline
levels (B) in resting and exercising swine with cardiac dysfunction

3 weeks after Ml (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=". 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
B-adrenergic signalling, including the regulatory sub-
unit of PKA (PRKAR2B), A-kinase anchoring protein 5
(AKAPS5), calmodulin and calmodulin kinase (CaMK), of
which the expression was altered. In addition, subsequent
analysis of the B-adrenergic signalling network revealed
increased expression of PDE4 (Fig. 6B). If confirmed at the
protein level, the increased expression could contribute

D. W. D. Kuster and others
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to the observed blunted PKA influence on myofilament
Ca?* 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
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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 Ca%* sensitivity in
post-MI remodelled myocardium. B, Ca?* 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 [Ca?t] 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 Ca?* 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 Ml hearts. D, troponin | (Tnl) phosphorylation
did not differ under baseline conditions between sham and MI heart. However, following intravenous infusion
of dobutamine the increase in Tnl 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).

© 2011 The Authors. Journal compilation © 2011 The Physiological Society
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AME

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 g-adrenergic pathway are changed in expression.
B, simplified B-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 B-blockers, we have taken an
integrative approach to studying the mechanisms under-
lying LV dysfunction after MI (Fig.7). We began by

Figure 7. lllustration 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.

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

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, -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 Ca®* sensitivity appeared to
be mediated by loss of PKA catalytic activity (proteome),
and could be prevented by simultaneous treatment with
Bi-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 B-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 sub-
sequently 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.

D. W. D. Kuster and others

J Physiol 589.5
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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

gene-chemical-disease relationships.

make biological inferences among over 200 different respiratory and related diseases, involving thousands of

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, ran-
ging from protein-protein interaction databases [1], gene-
chemical databases [4], and disease-gene databases [2], and
are often constructed using data mining methods comple-
mented 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 in-
teractions within the context of a given set of diseases or
protein-protein interactions within the context of peptide
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recognition [5,6]. Integration of multiple sources and types
of relational data remains an important and challen-
ging research area with great potential toward the de-
velopment 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-chemical-
disease interactome would lead to better understanding
of the molecular mechanisms of lung disease, including
the environmental and drug influences, and more im-
portantly, may lead to new treatment or intervention
strategies. In this study, we focus our efforts on the ana-
lysis of gene-disease-chemical relationships, in order to
elucidate and infer novel interactions and to understand
biclogy pertinent to respiratory diseases using network
and matrix-based methods.

Current network and matrix-based analyses of disease re-
lationships has relied heavily on gene or protein-centric ex-
aminations [8-11], neglecting chemical features that may
also influence disease. Likewise, network analysis tech-
niques 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 influ-
ence 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 under-
stand 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 re-
spiratory 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 gene-
disease-chemical relationships for a wide variety of dis-
eases, and HPRD houses information focusing on
protein-protein interactions from a wide array of experi-
ments in humans and other model organisms. CTD of-
fers 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 re-
spiratory 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 che-
micals with curated therapeutic interactions with dis-
eases and the genes that interact with those chemicals.
These curated therapeutic interactions are established
using the “DirectEvidence” field from CTD. This net-
work was called the therapeutic network as a reference
to this inclusion criterion. In addition to the thera-
peutic inclusion criteria, chemical-chemical interac-
tions 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 inter-
actions were assessed. First, chemicals with disease interac-
tions 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 inter-
actions. Given the small percentage of directional link-
ages (~0.05%), all links were treated as bi-directional.

The type of interaction was established for disease-
chemical, 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 cur-
ation. The major effects are increasing, decreasing, and af-
fecting 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, cleav-
age, methylation, hydrolysis, hydroxylation, glycosylation,
glucuronidation, acetylation, nitrosation, ribosylation.

To establish chemical-chemical linkages and the type
of gene-chemical linkage, CTD was used [4]. Chemical-
gene interactions were extracted with a query specifying
interaction type. Co-interactions between multiple che-
micals and a gene were extracted from this list and
chemical-chemical linkages were established if two che-
micals had a curated co-occurrence with a gene. A co-
occurrence 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 data-
base 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 co-
efficient was then classified based upon whether the two
nodes were connected and the type of nodes being con-
nected. Figure 1 represents the three node interaction types
of interest: disease-gene interactions, disease-chemical in-
teractions, and chemical-gene interactions. To test the al-
ternative 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 finked nodes were more similar than
unlinked nodes determined by Mann Whitney U tests (p < 001). The
median for all unlinked node pairs is 0, with the medians for the linked
pairs: DG - 0026, DC - 0, CG - 0032.

similarity between nodes, the more likely they are to inter-
act. To assess the stability of the Jaccard coefficient, single
edge additions were added to sub-networks. Kolmogorov-
Smirnov tests were then run on the Jaccard coefficient
distributions of the individual sub-network against pertur-
bations within that sub-network. The result is that no per-
turbation caused a significant shift in distribution (average
p-value ~ 0.99), with smaller sub-networks being more af-
fected 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.

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 se-
lected high performing methods used for clustering
protein-protein interaction networks, with the added stipu-
lation that their output is scalable to a more sparse and dis-
similar network. MCODE and MCL, two widely accepted
and utilized clustering methods were tested for scalability
when adding additional node types [11,17-19]. The gene-
gene 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
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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 sub-
network size of 18, while still maintaining the highly inter-
connected 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], cre-
ating a network of 1,830 nodes and 17,275 edges. This
network became a test-bed for methods to improve subse-
quent 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 Cytos-
cape to determine clusters of similar genes not seen in the
overall network. Figure 2 shows one such cluster of shared

CCL2

TNF

Figure 2 Gene-disease sub-network. Shared genes between
Pulmonary Fibrosis and Asthma. Many of these genes represent
similar pathophysiclogy 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 114 and IL13 antagonists have also been
shown to be effective in asthma therapy through the damp-
ening 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 mech-
anisms 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 dif-
ferent, 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 vi-
sualized 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 in-
teractions (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 to-
wards 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 inter-
connected 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 manage-
able network to elucidate and identify novel and relevant
interactions. Figure 4 demonstrates two of these sub-
networks. Non-connected nodes that occur in highly
interconnected sub-networks, particularly those with
shared neighbors, offer a refined starting point for infer-
ring novel interactions. Connections of interest were in-
vestigated 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

Nodes
Genes 426 388
Chemicals 1177 578
Diseases 227 227
Total 1830 1193
Links
Gene-chemical 13543 7587
Gene-gene 438 433
Chemical-chemical 0 435
Disease-gene 577 536
Disease-chernical 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 infer-
ences [25]. Supporting evidence for these inferred links
can be seen in Table 2.

One of these sub-networks, shown in Figure 4A, con-
tains non-small-cell lung carcinoma and closely interact-
ing genes and chemicals. From this sub-network, three
links were analyzed in greater detail: aspirin - EGFR,
acetaminophen - non-small-cell carcinoma, and piroxi-
cam - non-small-cell carcinoma. Aspirin - EGFR is an
inferred link in this sub-network that was added as a dir-
ect link to an update of CTD that occurred after the cre-
ation 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 non-
small-cell lung carcinoma outcome, they found no correl-
ation 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 in-
teractions, not all of the nodes will have a direct link. Lastly,
Piroxicam - non-small-cell carcinoma had direct and indir-
ect literature support for this link [29,30]. There was in-
creased immune function in lung cancer patients that had
piroxicam added to their drug regimens [29]. Also, piroxi-
cam showed decreased tumorigenesis in mice with colon
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cancer, suggesting this link might be present in other can-
cers 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 carcin-
oma 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 search-
ing 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.

Jaccard similarity coefficients were generated for each
sub-network, These coefficients measured similarity using
only nodes and links present within the sub-network. Simi-
larities 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 Jac-
card coefficients within the sub-network, with the similarity
being broken into one of three sets: upper 25% percentile,
middle percentile, and the lower 25™ 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 in-
creased 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 be-
tween Jaccard similarity and identifying novel links was
performed on a human signaling network [32]. Protein-

. Protein interactions from the human signaling network
were selected based upon both the interacting genes
being present in the therapeutic network while their

Table 3 Jaccard similarity assessment

interaction was not present in the network. While self-
interacting 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 al-
ways be 1.0 in the case of a self-interaction. This selec-
tion resulted in 1057 additional interactions for use in
validation.

A Mann-Whitney U test was performed on the hu-
man 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 Jac-
card coefficient was also important to whether or not an
interaction was found. There was an exponential rela-
tionship between the rank and inclusion into the human
signaling network with roughly 40% of the additional in-
teractions being in the 90™ percentile or greater
(Figure 5).

Matrix analysis

A binary interaction matrix was created using the net-
work interaction triples for both the whole respiratory
and therapeutic networks, Values of 1 represent an inter-
action; whereas, values of 0 represent a lack of interac-
tions. 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 calcu-
late hierarchical clustering. Output of the dendrogram

Jaccard percentile Support Anti-support No support Percent support
75-100 7 1 77.8%
25-75 5 2 71.4%
0-25 4 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.
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of possible interactions and the novel interactions represented by
the human signaling network (HSN). A lower bound of the 10t
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to less than or equal to the 20" 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 inflec-
tion 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 lar-
gest 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 eluci-
dates 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 pro-
teins (Figure 8B), and a group of fungal lung diseases
(Figure 8C). For the matrix clusters, genes had a ten-
dency 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 ap-
proach is suitable for finding nodes with similar properties
versus the more diverse interactomes in the traditional sub-
networks.

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, GJBI,
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 in-
creases 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].

FEbastine, levocabastine, hydroxyzine, SUN1334H, azelas-
tine, 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 anti-
inflammatory properties, revealed by seven drugs having
links to 114, 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 repre-
sent a diverse cluster of two metallothionein proteins,
two macrophage proteins, one extracellular matrix pro-
tein, 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 re-
spiratory hypersensitivity. However, four out of these five
chemicals have links to asthma, suggesting they may
play a greater role in respiratory hypersensitivity in gen-
eral. This hypothesis is supported by the fact that zinc
deficiency alters respiratory epithelium in allergic re-
sponse of mice [37].

Ofloxacin, amoxicillin clavulanate, clarithromycin, and
azizthromycin are a group of antibiotics that treat re-
spiratory infections. The interactome of these antibiotics
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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.

A

is shown in Figure 9. Of these antibiotics, only clarithro-
mycin and ofloxacin have direct links to tuberculosis in
CTD. The drug combination amoxicillin-clavulanate has
literature support that it is effective in treating tubercu-
losis, 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, lit-
erature shows that azithromycin in combination with
capreomycon, pyrazinamide, ethambutol, and isoniazid
improves outcomes in multi-drug resistant patients
over streptomycin, ethambutol, pyrazinamide, and iso-
niazid [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 tu-
berculosis 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 im-
proves outcomes of tuberculosis patients, or may play
a role as an anti-inflammatory. BCL2L1 is affected by
clarithromycin, a known tuberculosis drug, and azi-
thromycin, 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 activ-
ities of certain drugs, useful in the identification of
drug repurposing strategies.

Node-edge versus matrix
While these two approaches take the same input, clus-
tering produces two distinct results. Only eight of the
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eighteen sub-networks contained a cluster from the matrix
where at least 50% of the nodes present in the matrix clus-
ter were also present in the sub-network. Most of the
matrix clusters that overlapped with the sub-networks con-
tained 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 coef-
ficients and pairwise comparisons produce non-overlapping
results. Clustering coefficients from node-edge based ap-
proaches represent closely interacting genes, chemicals, and
diseases. These closely interacting nodes offer avenues of
exploration for finding novel interactions. Pairwise compar-
isons from matrixes represent nodes that share the same
interaction profile. This interaction profile can then be used
for determining both biological meaning and novel interac-
tions for any pairs between the cluster nodes and the inter-
action profile nodes. Thus, these two approaches offer a
complimentary analysis strategy for sparse networks, enab-
ling 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 ap-
proaches 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 ap-
proaches provide a broader view of interactions, offering a

EGFR
ERBB2
ERBB3

Albuterol
formoterol
salmeterol

A, ABP
LD, F
PA
Figure 8 Clusters of elements from 0.4 similarity cutoff. A)

Beta2-agonists B) ERBB family proteins. C) Fungal lung diseases; A, ABP —
Aspergillosis, Alfergic Bronchopulmonary; LD, F - Lung Disease, Fungal;

PA - Pulmonary Aspergillosis.

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

Conclusion

Current network analyses of disease are still highly fo-
cused on gene and protein-based networks, neglecting
environmental and drug effects that contribute to the
pathophysiology of a disease or sets of diseases. Our pro-
posed methods integrate both the chemical and disease
entities into network and matrix-based analyses, allow-
ing for a more complete systems understanding of the
underlying biology. With this addition of multiple differ-
ent 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 estab-
lish accuracy in protein-protein and gene-gene network
analyses.

In order to better investigate complex and sparse net-
works, such as the respiratory disease interactome, a multi-
method 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 clus-
tering coefficient with Jaccard similarity comparison ap-
proach 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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on the underlying biology for a given disease, patho-
physiology 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 coeffi-
cient matrix. This profile represents the layering of dis-
eases, 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 tar-
gets. The shared interactome of pulmonary fibrosis
and asthma (Figure 1) demonstrates that Th2 cell in-
flammation is an important factor in both of these dis-
eases, where a drug that improves the outcomes in one
of these diseases may also be useful for the other dis-
ease. 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 dis-
eases, but also offer a method for identifying possible
new drug targets and repurposed drug strategies. Layer-
ing additional interaction information, additional data-
bases, 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 as-
sociated 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 interac-
tions 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 in-
teractions were further specialized by including only
chemicals with therapeutic interactions to respiratory
diseases in a therapeutic network, with the “thera-
peutic” name stemming from including only chemicals
with at least one therapeutic indication. The thera-
peutic 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 interac-
tions. 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. Interac-
tions were colored based upon interaction characte-
ristics, 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 be-
tween nodes and a value of 0 was used for a lack of inter-
action 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 gener-
ating 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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following formula: g fdel O Node2 This formula

Nodel+Node2-(Nodel N Node2)'
calculates the intersection of the two sets divided by
their union. A set, in all cases, is all the nodes that inter-
act 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 hypoth-
esis 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 gener-
ated for each missing edge. In each of these networks
one additional edge was added between two existing un-
linked nodes, creating a unique set of networks. Jaccard
coefficients were then generated for each additional net-
work. 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 sub-
network, with the alternative hypothesis being that the
distribution is shifted.

Programming
Original network parsing to establish interactions be-
tween 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 interac-
tions and directional interactions between chemicals and
genes, finding interaction characteristics for disease-gene
and disease-chemical interactions, and selecting inclu-
sion 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 inter-
action characteristics for chemical-gene and chemical-
chemical interactions, construction of the interaction
matrix, visualization of the interaction matrix, and
extracting clusters based upon a threshold from the out-
put from Cluster 3.0.
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Using single-cell genomics to understand
developmental processes and cell fate decisions
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Abstract

High-throughput -omics techniques have revolutionised biology,
allowing for thorough and unbiased characterisation of the
molecular states of biological systems. However, cellular deci-
sion-making is inherently a unicellular process to which “bulk” -
omics techniques are poorly suited, as they capture ensemble
averages of cell states. Recently developed single-cell methods
bridge this gap, allowing high-throughput molecular surveys of
individual cells. In this review, we cover core concepts of analy-
sis of single-cell gene expression data and highlight areas of
developmental biology where single-cell techniques have made
important contributions. These include understanding of cell-to-
cell heterogeneity, the tracing of differentiation pathways, quan-
tification of gene expression from specific alleles, and the future
directions of cell lineage tracing and spatial gene expression
analysis.
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Introduction

High-throughput -omics techniques have revolutionised molecular
biology, providing insight at every step of the central dogma. At the
level of DNA, we now know the genome sequences for many
species and how these vary between individuals of these species
(The 1000 Genomes Project Consortium, 2015). Differences in gene
expression between organisms, tissues and disease states have been
extensively quantified by microarrays and RNA-seq (for both coding
and non-coding transcripts), while mass spectrometry and other
approaches have begun to yield a high-throughput overview of
protein expression. Other techniques reveal how each level of the
dogma affects the other: where protein binds DNA (Aparicio et al,
2004; Johnson et al, 2007), how DNA conformation affects gene

expression (Belton et al, 2012) and which RNA molecules are being
translated (Ingolia et al, 2009).

However, these approaches typically require as input hundreds
to millions of cells, revealing only an average reading across cell
populations. For developmental biology, where individual cells
make decisions about their fate, these ensemble measures provide
only limited information, as individual cellular measurements are
lost. Nonetheless, procedures such as fluorescence-activated cell
sorting enable isolation of specifically labelled cell populations.
Isolation of specific cell types or subpopulations allows for meaning-
ful bulk genomic analysis and has contributed a great deal to our
understanding of developmental biology (Spitz & Furlong, 2006),
albeit large numbers of input cells are required.

Recently developed single-cell -omics techniques (Tang et al,
2009; Smallwood et al, 2014; Buenrostro et al, 2015b; Heath et al,
2016), by contrast, are particularly apposite for developmental
biology, transferring high-throughput molecular techniques onto
the correct scale for understanding cellular decision-making. In
particular, knowledge of the set of genes that different cells
express allows characterisation of cell state, thus providing a direct
read-out of how dynamic decisions are made. Transcriptional
information can be supplemented with the results of other assays,
such as chromatin accessibility (Buenrostro et al, 2015a), allowing
even deeper insight into the mechanisms by which cell fate is
regulated.

This review focusses on transcriptomic assays, which make up
the large majority of single-cell genomic research published to date.
We first summarise the processes involved in generating and
analysing single-cell expression data. We then identify areas of
developmental biology where these assays have provided unique
insight, as well as outlining future challenges and opportunities.

Generating single-cell transcriptomic data

Quantifying gene expression via microscopy is familiar in contempo-
rary biology, whether using hybridisation techniques or artificially
created fusion proteins. Flow cytometry scales up optical
approaches to hundreds of thousands of cell measurements without
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compromising cellular resolution (Fulwyler, 1965). Historically,
these methods have not been suitable for assaying many genes
simultaneously, due to constraints imposed by fluorophore emission
spectra. Nucleotide-focussed methods pushed beyond this limita-
tion: real-time PCR (Van Gelder et al, 1990) can quantify hundreds
of genes, with cellular throughput improved using microfluidic
systems (White et al, 2011; Sanchez-Freire et al, 2012). The recent
development of sequencing-by-hybridisation (described later in this
review) has addressed the gene-throughput problems of optical
approaches, allowing the quantification of thousands of transcripts
in the same cell.

To achieve truly transcriptome-wide expression coverage,
however, RNA-sequencing-based methods are best suited. Shortly
after the first application of RNA-seq to bulk populations of cells
(Bainbridge et al, 2006), the feasibility of applying RNA-seq to
individual cells was demonstrated (Tang et al, 2009). Over the
past 5 years, single-cell RNA-seq (scRNA-seq) has become the
most commonly used approach for assaying single-cell gene
expression profiles. There are two broad sets of methods for
applying single-cell RNA-seq—*“plate-based” and “droplet-based”
(Fig 1).

Initially, most studies used plate-based assays, where library
preparation is performed manually on cells sorted into and lysed in
individual wells of a microwell plate (Jaitin et al, 2014; Picelli et al,

Single-cell genomics and development  jonathan A Griffiths et al

2014). Robotic and microfluidic systems (e.g. Fluidigm C1) have
been developed to automate some of these processes.

Droplet-based methods employ microfluidics to capture individ-
ual cells in nanolitre-sized droplets, each loaded with reagents and
unique labels: reverse transcription and transcript labelling take
place within these small volumes. The droplet suspension is later
broken down for pooling of cell libraries prior to sequencing. These
methods have been developed by academic groups (Klein et al,
2015; Macosko et al, 2015) and commercially, by 10X Genomics
(Zheng et al, 2017).

Each approach has its own advantages and disadvantages. Plate-
based methods tend to provide higher-quality libraries at the cost of
lower cellular throughput, processing hundreds or thousands of cells
compared to the hundreds of thousands that droplet methods can
process. More subtle differences also differentiate the two sets of
methods. To capture rare cell types with known cell-surface markers,
it is generally more efficient to flow-sort and prepare plates of single-
cell libraries rather than to capture more cells using a droplet method.
Additionally, current droplet methods capture gene information
exclusively from the 3’ or 5 end of each transcript, while plate
approaches can generate reads from across entire transcripts; the
latter allows splice-variant and allele-specific transcriptional informa-
tion to be retrieved. Finally, droplet methods are more likely to
produce “multiplet” cell transcriptomes, where multiple different
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Figure 1. Single-cell library preparation summary.

There are two primary methods for generating single-cell transcriptomics data: plate-based and droplet-based methods, shown above. In summary, droplet-based
approaches offer high cell throughput, while plate-based approaches provide higher resolution in each individual cell. Note that different implementations of these methods
provide slightly different outputs and that some steps are excluded for clarity (e.g. cDNA amplification).
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cells become labelled with the same barcode. This is largely due to the
lack of user oversight (e.g. it is more difficult to identify attached pairs
of cells) and the possible reuse of cell barcodes from the labelling
beads. The doublet rate in droplet experiments is proportional to the
number of loaded cells (Zheng et al, 2017).

For a researcher, the decision about which method to use is typi-
cally driven by the nature of the biological system under considera-
tion—whether the quality or quantity of cells is important. For
example, plate-based methods may be more suitable for young
embryos, given the small number of cells present. For later stages of
development, where there are tens of thousands of cells and a
higher level of heterogeneity in each embryo, a droplet method is
better suited because it is relatively easy to capture a greater number
of cells, which facilitates a more complete sampling and allows
unbiased capture of rare cell types. Additionally, droplet methods
may be preferable for studying continuous systems, as the higher
number of cells sampled can be used to better approximate the
continuous process that is being studied.

Both methods exploit cell-specific DNA barcodes to allow the
pooling of libraries from different cells prior to sequencing. These
barcodes allow different transcriptomic reads to be assigned to indi-
vidual cells. Both can also exploit unique molecular identifiers
(UMIs): small, randomly generated nucleotide sequences that allow
PCR duplicate reads to be collapsed, providing a more precise esti-
mate of the actual number of RNA molecules present in a sample.
For an in-depth discussion of existing approaches, see Svensson
et al (2017).

A new method of library preparation holds much promise for
combining the benefits of both plate and droplet approaches. Here,
pools of cells are repeatedly split and randomly allocated to different
sets of barcodes, combinatorially building up a large diversity of
possible barcode labels. The method’s utility has been demonstrated
for DNA sequencing (Vitak et al, 2017), RNA-seq (Cao et al, 2017)
and chromatin accessability assays (Cusanovich et al, 2015).

Multi-omic assays

The vast majority of single-cell genomics research has focussed on
capturing only RNA. However, several protocols exist that allow
integration of genomic, epigenomic and transcriptional information
from the same cells. For example, G&T-seq (Macaulay et al, 2015)
combines DNA sequencing with RNA-seq and is adept at identifying
how copy-number changes may impact transcription. M&T-seq
(Angermueller et al, 2016) captures DNA methylation and transcrip-
tome data, with NMT-seq (preprint: Clark et al, 2018) further
adding chromatin-accessibility information using a GpC methyl-
transferase (Kelly et al, 2012). While these assays offer unique
advantages, they are typically experimentally challenging to run,
and handle many fewer cells than scRNA-seq.

State-of-the-art analysis techniques

Quality control

After demultiplexing barcodes and alignment of suitably trimmed
reads to the appropriate reference genome, the resulting data from
an scRNA-seq experiment can be represented as an integer matrix of
gene expression levels, with each entry representing the number of
sequenced reads (or molecules, if UMIs were used) assigned to a

© 2018 The Authors
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particular gene in a specific cell. Notably, barcode decomposition is
not trivial—particularly for the random sequences of UMIs—as
sequencing errors can alter their observed sequences. Methods have
been developed to account for this by predicting which barcodes
have arisen by error and which truly existed within the sample
(Smith et al, 2017).

Subsequently, it is important to assess the quality of the tran-
scriptome for each cell: incomplete cell lysis or failures during
library preparation can provide output that confounds analyses.
There are many parameters that quality control (QC) tests may
focus on, but there are three attributes that may be easily assessed
in all single-cell data sets: the total number of transcripts detected;
the total number of genes found to be expressed; and the fraction of
expression contributed by mitochondrial genes. Cells that show
aberrant behaviour for these characteristics are typically removed
from further analysis, albeit care must be taken when studying a
heterogeneous population of cells as total mRNA content and other
features can vary substantially (Ilicic et al, 2016).

Drop-out is a phenomenon observed in scRNA-seq whereby cells
that are expected to express a certain gene show an observed count
of zero. This is most commonly understood to be driven by stochas-
tic failures of transcripts to be reverse-transcribed or amplified, and
therefore never sequenced. This is of particular importance for data
generated by droplet assays, where capture efficiency varies consid-
erably across cells. In order to recover expression values from
dropped-out genes, it is possible to impute expression values from
other cells that show similar expression patterns (preprint: Dijk
et al, 2017). However, the user should make sure that weak signals
are not being artificially inflated. A researcher must also be aware of
the possibility that doublets can drive technical signal in a data set,
particularly for droplet-based methods. While there are no
published methods for doublet detection at the time of writing, a
number of papers have implemented heuristic approaches for
excluding multiplet libraries. These include rejecting cells express-
ing sets of biologically mutually exclusive markers (e.g. Xist and Y
chromosome genes; Ibarra-Soria et al, 2017), and by identifying
small clusters composed of cells with large library size whose
expression profiles correlate strongly with at least two other clusters
in the data set (Bach et al, 2017).

Confounding factors

Single-cell RNA-seq experiments are sensitive to confounding
factors. For example, as in any -omics experiment, systematic dif-
ferences between experimental batches must be removed before the
expression profiles of cells can be compared, emphasising the
importance of good experimental design (Lun & Marioni, 2017).
Even when controlling for these effects, true biological differences
may produce signals orthogonal to the experiment’s aim. In particu-
lar, cell size (as reflected by total mRNA content) often manifests
itself in the number of detected genes in each cell (McDavid et al,
2016; Hicks et al, 2017), which can lead to structure in the high-
dimensional expression space. Cell library size differences are
controlled by the critical step of normalisation (reviewed in Vallejos
et al (2017)), which aims to remove differences due to sequencing
depth and total RNA content. The addition of precisely quantified
exogenous RNA species (“spike-in” genes) to each cell’s lysate
allows the estimation of absolute amounts of RNA (Brennecke et al,
2013). However, their use is rare in droplet-based assays: spike-in
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RNA will be present in every droplet, not only those containing
cells. Consequentially, spike-in genes may consume a large amount
of the sequencing read space and would be confounded by repeated
use of the same cell barcode in multiple droplets (resulting in a vari-
able amount of spike per barcode). Other biological factors such as
cell-cycle stage can also lead to structure that can mask the signal of
interest; computational strategies exist to identify and remove these
effects (Buettner et al, 2015).

Cell type identification
A common first step in the analysis of scRNA-seq data is to classify
cells into a number of groups. By identifying these subgroups of
cells, the degree of heterogeneity within the population of interest
can be assessed and comparisons can be performed, even between
potentially small or rare groups of cells (e.g. primordial germ cells).
Cell-type clustering performance can be improved by using only
genes that vary more between cells than would be expected by chance
(Brennecke et al, 2013), or by using “eigengenes” that explain vari-
ability in the data (e.g. derived via principal components analysis).
For additional discussion of these features, see Trapnell (2015).

Developmental trajectories and pseudotime

In many systems, cells display a continuous spectrum of states that
is considered to represent the differentiation process. In these cases,
a discrete classification of cells is not appropriate, and a researcher
may prefer to use a method that summarises the continuity of cell
states in the data.

Such methods are typically referred to as pseudotime methods, a
term first introduced by the software package Monocle (Trapnell
et al, 2014). Pseudotime describes an ordering of cells according to
some characteristic in the data; this may represent developmental
processes occurring over time, or the effects of continuous spatial
heterogeneity in a system. Because pseudotime is an ordering of
cells, it allows identification of the cell types at the beginning and
end states of the trajectory, as well as those cells in intermediate
stages (Fig 2). From the ordering of cells, it is possible to identify
the transcriptional changes that accompany developmental
processes, which can also permit the reconstruction of gene regula-
tory networks (Moignard et al, 2015). Additionally, recent develop-
ments allow detection of branching points in trajectories (Haghverdi
et al, 2016), which serve to identify critical points of cellular deci-
sion-making. Note that caution must be exercised when applying
classification and pseudotime methods, as they are guaranteed to
generate output irrespective of the quality of data supplied. There is
rarely any quantification of uncertainty, and results typically depend
on specific parameter choices. For proper interpretation, it is impor-
tant to ensure that input data are of high quality and not
confounded by, for example, batch effects. Moreover, it should be
stressed that scRNA-seq’s static “snapshot” data possess intrinsic
limitations for the study of dynamic processes, which are common
throughout developmental biology (preprint: Weinreb et al, 2017).

The contribution of single-cell expression data to
developmental biology

In this section, we highlight examples from developmental biology
where the application of single-cell gene expression assays has
played a key role in providing new biological insights.
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Understanding cellular heterogeneity

There are two ways to look at scRNA-seq data: how the expression
profiles of individual cells differ from each other, and what structure
in the data drives this; or how different genes behave across the
population of cells and with respect to other genes’ expression. In
this section, we describe how cultured mouse embryonic stem cells
have been used as a model for understanding the role of dynamic
gene expression patterns, before discussing how expression variabil-
ity observed between cells in mouse embryos defines cell fate
choices in early development.

Observing heterogeneity in cultured cells Embryonic stem cells are
a foundational tool of developmental biology research, offering a
platform to investigate specific cell fate choices by signal-induced
differentiation. Early work on mouse embryonic stem cells (mESCs)
identified archetypal gene expression patterns across cells, high-
lighting bimodal and lognormally expressed genes (which were typi-
cally pluripotency regulators) as well as sporadically expressed
transcripts (mostly differentiation markers; Kumar et al, 2014). It is
difficult to address the dynamics of cellular gene expression from
scRNA-seq data alone, as it captures only snapshots of cells’ gene
expression (preprint: Weinreb et al, 2017). To address this, Kumar
et al allowed individual cells to grow into colonies over 3 days and
quantified the expression levels of key pluripotency genes in indi-
vidual cells of each colony. A higher level of inter-colony variance
than intra-colony variance was observed, demonstrating that the
initial gene expression differences that existed within the originating
cells had not been overcome by gene expression pattern changes
over the course of several cell cycles. The rate of change of pluripo-
tency markers was therefore shown to be relatively slow.

Further work in mESCs focussed on identifying differences
between cell culture conditions: a foetal calf serum + LIF environ-
ment promotes self-renewal in stem cells, while adding additional
inhibitors (“2i”) further prevents differentiation. Cells treated
in each of these conditions were profiled using scRNA-seq
(Kotodziejczyk et al, 2015). Although global levels of gene expres-
sion variability were equivalent between environments, specific
functional groups of genes were more or less variable in each condi-
tion. Gene ontology terms such as “organ development” were more
variably expressed in the serum condition, where differentiation is
less repressed, while 2i-treated cells showed greater variability in
the expression of cell-cycle genes. Whole-transcriptome compar-
isons additionally revealed that the different treatments produce
distinct transcriptome profiles, suggesting no overlap between
subpopulations of serum-treated and 2i-treated cells, as was previ-
ously thought to be the case.

Heterogeneity in vivo To form the axes that define embryonic struc-
ture, an embryo must break the initial symmetry of the zygote. The
degree to which stochastic fluctuations in gene expression bias
cell fate in symmetry breaking is controversial (Hadjantonakis &
Arias, 2016), so application of single-cell approaches is particularly
appropriate.

An analysis of mouse embryonic cells (from the zygote to 16-cell
stage) explored expression heterogeneity between cells in each
embryo. Cell expression profiles become increasingly diverse imme-
diately following the first zygotic division, driven by both transcript
partitioning error during mitosis and stochastic gene expression (Shi
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(A) By observing similarities between the expression profiles of cells, it is possible to order cells along an axis of pseudotime that recapitulates developmental processes. (B)
Having established this ordering, genes that show significant changes in expression along the developmental pathway may be identified.

et al, 2015). Different groups of genes showed different behaviours,
with some showing transiently or progressively increased variabil-
ity. Few already variable genes become more variable after the
8-cell stage: it is possible that transcriptional differences between cells
in an embryo begin to become fixed at this time. Finally, the authors
highlighted how the ratio of two genes’ expression may display
particularly large amounts of heterogeneity due to asymmetric RNA
distribution at mitosis, particularly if one or both of the initial tran-
scripts is expressed at a low level. Given that many developmental
decisions are specified by opposing lineage specifiers, stochastically
driven heterogeneity in the expression of lineage specifiers seems a
reasonable explanation for how symmetry can be broken.

Another study applied scRNA-seq to mouse embryonic cells from
the 2-cell to 16-cell stage of development (Goolam et al, 2016), iden-
tifying highly heterogeneous expression of Sox2 and Oct4 (master
pluripotency regulators) gene targets at the 4-cell stage. Sox21 was
identified as a gene of potential importance due to particularly
heterogeneous expression across cells within an embryo and its
joint regulation by Sox2 and Oct4. Moreover, Sox21 knockdown was
shown to subtly bias cells towards an extraembryonic fate. Coupling
the observed heterogeneity in Sox21 expression with its fate-biasing
effect, it was suggested that this heterogeneity may be responsible
for pushing cells towards specific lineages during early develop-
ment. However, definitively identifying the origin of these hetero-
geneities remains a challenge.

As development proceeds, cells become specialised into differen-
tiated cell types through processes that are often summarised as a
set of binary decisions. Single-cell approaches are especially useful
in this context, because they capture cells before, during and after
lineage commitment, unlike the discrete population averages of bulk
sequencing (Fig 3).

One study has analysed gastrulation in the mouse, capturing
epiblast cells at embryonic day (E) 6.5 along with mesodermal cells
(marked using the cell-surface marker Flk1) at E7.0, E7.5 and E7.75
(Scialdone et al, 2016). Different cell types were readily identified,
with pseudotime constructed over the blood precursor lineage reca-
pitulating known gene expression changes and facilitating identifi-
cation of new marker genes.

Using these data as an “atlas” of normal embryonic development
allowed the authors to investigate how perturbations to develop-
mental mechanisms affect cells’ expression patterns and the cell
types that they can differentiate into. A common hypothesis, driven

© 2018 The Authors

by work in embryonic stem cell systems, states that cell fate
commitment follows a path of binary choices. In the mesodermal
lineage analysed here, Tall is a transcription factor essential for
specification of the blood lineage through an unknown mechanism
of action. Under a binary decision model, Tall™’~ cells would
necessarily differentiate to a cardiac lineage in the absence of this
key transcription factor, as supported by in vitro studies (Org et al,
2015).

The authors generated Tall knockout embryos, applied scRNA-
seq to the mesodermal lineage and computationally mapped cells
from the Tall~/~ embryos on to the clusters identified from wild-
type cells. This allowed proper comparison between similar cell
types between the two sets of embryos while controlling for compo-
sitional changes.

Cells from the mutant embryos did not map to the blood progeni-
tor or erythroid clusters, consistent with the absence of Tall.
However, cardiac markers were not upregulated in the Tall™’~
cells, unlike observations in vitro (Van Handel et al, 2012). Because
the cells were not committing towards the cardiac fate, the findings
called into question whether binary cell fate choices previously
reported from Tall knockout cells are an in vitro artefact, or instead
occur at a later stage in vivo (Van Handel et al, 2012).

Developmental trajectories
A particular advantage of single-cell methods is the ability to capture
cells at various developmental stages in a single experiment. It is
possible to reconstruct developmental pathways using the variety of
cell states assayed using techniques motivated by the concept of
pseudotime (see Fig 2 and section “State-of-the-art analysis tech-
niques”, above). Using this cell ordering, it is possible to inspect how
cells change over the course of development, and which genes are
critical for driving progression. This approach has been applied very
widely and here we discuss some examples of how it has provided
insight from different gene expression measurement technologies.
Cultured embryonic stem cells offer a versatile platform for
following developmental pathways, as different morphogens can
guide their development into a number of different tissues. One
example is a study of the development of human definitive endo-
derm cells (Chu et al, 2016). In this study, cells were ordered along
the developmental pathway, successfully reconstructing the beha-
viour of known markers. This ordering allowed the discovery of
novel candidate regulators; for example, a driver of definitive
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(A) While bulk gene expression assays provide an average read-out of transcription over many cells, single-cell RNA-seq allows the assaying of gene expression in individual
cells. (B) Single-cell approaches facilitate working with complex systems such as embryos, where groups of cells with radically different expression profiles can be analysed

without contamination from neighbouring tissues.

endoderm differentiation (KLF8) was identified and validated by
testing for changes in the fraction of differentiated cells post-KLF8
knockdown.

Trajectory inference is not limited to transcriptome data.
Single-cell protein expression data (acquired by mass cytometry)
have been used to identify the developmental progression of B
cells in human bone marrow (Bendall et al, 2014). In addition
to identifying a developmental progression consistent with
known marker proteins, rapid changes in protein expression
along pseudotime were used to identify points of cellular coordi-
nation—these correspond to the checkpoints that define progres-
sion between developmental stages. Additionally, changes in the
structure of the regulatory network of STATS along B-cell devel-
opment were noted.

Mesodermal cells from 7- to 8-day-old mouse embryos were anal-
ysed using single-cell JPCR to understand the early development of
blood lineages (Moignard et al, 2015). Here, diffusion maps were
used to identify developmental pseudotime trajectories (Haghverdi
et al, 2015), recovering correctly the ordering of known markers.
Cell states were defined via binarisation of the expression data, and
a network was constructed that linked cells through changes in a
single gene’s expression state. This facilitated a mechanistic inter-
pretation of the data, where predicted gene regulators were
supported by motif searches and, for Ergl, validated in reporter
systems.

Finally, it has also been shown that developmental trajectories
inferred from chromatin-accessibility assays correspond closely to
those inferred from expression information (preprint: Pliner et al,
2017).

Coupling information from different expression modalities along
developmental trajectories offers potential for improved experimen-
tal design. For example, rare but important cell types could be iden-
tified using very high-throughput proteomic or flow cytometry
techniques, before using identified markers to sort cells for tran-
scriptome-wide analysis with scRNA-seq.

Allele-specific expression
Biases of expression of different alleles is a difficult problem to
dissect in bulk populations: Is it driven by subpopulations of cells
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that express only one allele at a time, or by a consistent but small
bias across all cells? How much does the noisy process of transcrip-
tion affect the way individual alleles are expressed?

To assay allele-specific expression (ASE) at the single-cell level,
experiments must be designed carefully. Library preparation should
ideally follow a protocol that allows reads to be generated across
the whole length of the transcript [e.g. Smart-Seq2 (Picelli et al,
2014)], to maximise the number of inter-allele polymorphisms that
can be assayed. Additionally, a system with the greatest possible
number of allelic sequence differences is preferred. A frequently
used system is the F1 hybrid mouse, that is the offspring of two dif-
ferent inbred lines.

The first single-cell RNA-seq study of ASE used early-stage
mouse embryos (up to the blastocyst stage) and adult tissues (Deng
et al, 2014), observing a high rate of monoallelic expression (12—
25%) for even highly expressed autosomal genes. Cells in the same
embryo expressed different genes monoallelically, implicating
chance in deciding which alleles are expressed in individual cells.
Similar behaviour has been observed in primary human fibroblasts
(Borel et al, 2015), suggesting that stochastic monoallelic expression
is common across many species and cell types.

While certain genes are known to produce predictable allele-
specific expression patterns (i.e. imprinted and sex-biased genes),
many genes display expression from a specific allele chosen appar-
ently at random. This type of allele-specific expression is referred
to as autosomal random monoallelic expression (aRME). aRME
describes a heritable attribute of gene expression, for which single-
cell analysis provides a particularly useful experimental tool.
Reinius et al (2016) applied single-cell RNA-seq to clonal cell
populations, showing that less than 1% of genes demonstrating
aRME had conserved behaviour; this is in contrast to previous
bulk RNA-seq work that observed aRME for over 7% of assayed
genes (Gimelbrant et al, 2007). This single-cell work hints at the
very dynamic nature of transcription (as expressed alleles change
at least as fast as the cell cycle) and a lack of coordination
between expression of different alleles.

Allele-specific expression is a useful tool for studying X chromo-
some inactivation (XCI), the process by which the dosage of X chro-
mosome genes is controlled between sexes in mammals (Fig 4).
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Experiments in both mice (Chen et al, 2016) and humans
(Petropoulos et al, 2016) showed that the process is asynchronous
across cells and that gene expression from the silenced X chromosome
is gradually and uniformly reduced. One interesting difference
between the two is that Xist is biallelically expressed during XCI in
humans and monoallelically expressed in mice.

Lineage tracing

Nearly all measurements of gene expression kill the cell, providing a
snapshot of cellular development but losing information about a
cell’s lineage. As a cell’s lineage represents a history of the decisions
that cells have made during development, it is closely intertwined
with cell fate choice. Assays have now been developed to recon-
struct cell lineage alongside the capturing of expression data.

The most direct approach for identifying lineage relationships
between cells using sequencing technologies lies in the genome. The
pattern of mutations that individual cells acquire over time is passed
on to their daughter cells upon division—a lineage tree can there-
fore be constructed from the distributions of these mutations across
cells. However, single-cell whole-genome sequencing is expensive
and presents many technical challenges (Gawad et al, 2016).

In particular, the relative infrequency of neutral mutations per
cell cycle makes lineage determination over short timescales diffi-
cult. Given this, two techniques have been designed to implement
CRISPR/Cas9 genome editing via a synthetic construct within a cell,
which can accumulate mutations in a rapid manner. One of these
methods provides output via imaging (Frieda et al, 2017) and the
other via transcriptome or genome sequencing (McKenna et al,
2016). Both rely on the editing of a DNA-inserted barcode: endoge-
nously expressed Cas9 (with an appropriate guide RNA) progres-
sively and randomly alters this barcode, leaving permanent
sequence changes that are inherited by daughter cells. The cell may
transcribe the barcode, amplifying its presence within the cell, from
where the sequence can be read out by probe labelling (Frieda et al,
2017), by RNA-seq (preprint: Raj et al, 2017) or simply by DNA
sequencing (McKenna et al, 2016). The similarities and differences
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Figure 4. Allele-specific expression at single-cell resolution.

By exploiting single nucleotide polymorphisms in single-cell RNA-seq reads, it is
possible to quantify how much individual alleles contribute to a gene’s total
expression. For developmental biology, this can be applied to study, for example,
when monoallelic expression patterns become set during embryonic
development and how they relate to fate decision, as in the case of X
chromosome inactivation (Chen et al, 2016).

© 2018 The Authors
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between cells’ barcodes catalogue the mutational history of the
assayed cells, and therefore the lineage relationship between them
(Fig 5).

The sequencing approach was applied to zebrafish embryos by
McKenna et al (2016), showing that adult organs were derived
from only a small number of progenitor cells and that individual
ancestral progenitor cells contributed to multiple organs and germ
layers. The imaging approach has been demonstrated by a proof-
of-concept study in mouse embryonic stem cells (Frieda et al,
2017).

Such a scarring system may be made inducible by some signal
provided experimentally or naturally within a biological system.
This adaptation allows for improved lineage resolution at particu-
larly important time points.

Spatial transcriptomics

Cellular decision-making is heavily influenced by a cell’s environ-
ment and the signals it receives from its neighbours. However, exist-
ing scRNA-seq techniques require tissue dissociation, thereby
discarding spatial information. Recovering this information has been
the subject of several computational investigations.

Several groups have utilised gene expression atlases onto which
cellular expression profiles can be remapped (Fig 6B). One
approach used existing in situ hybridisation maps of spatially
restricted genes as a “barcode” to which the complete expression
profiles of individual cells can be matched. This was applied by two
groups to reconstruct expression patterns in zebrafish embryos
(Satija et al, 2015), and to the brain of the marine annelid
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Figure 5. Lineage tracing.

Understanding how cells are related to each other is central to understanding
how developmental processes work. However, comparison of transcriptomic
profiles does not allow the reconstruction of these lineage relationships. Recent
approaches used CRISPR/Cas9 to mutate a synthetic DNA construct, providing a
genomic or transcriptional read-out containing cell lineage information.
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Figure 6. Spatial gene expression data.

(A) Most single-cell gene expression assays require dissociation of tissues, destroying locational information. New in situ hybridisation methods, however, offer high-
throughput transcriptomic quantification captured alongside intra- and inter-cellular localisation. (B) In the absence of such techniques, others have used reference “atlases”

to map back sequenced cells onto structures with known expression patterns.

Platynereis dumerilii (Achim et al, 2015). This type of approach is
particularly useful where the biological structure is robust between
samples, or where many high-quality reference data sets exist.

Where the system considered is known to have a robust or
invariant structure, it is possible to reconstruct pseudospatial infor-
mation from scRNA-seq expression data alone. Scialdone et al
(2016) used an unsupervised approach to position cells along the
anterior—posterior axis of the primitive streak during gastrulation,
identifying genes expressed posteriorly (biasing cells towards, e.g.,
blood fate) and those expressed anteriorly (biasing cells towards,
e.g., endoderm). Despite successes with post hoc reconstruction,
methods that preserve spatial information experimentally will likely
prove more accurate and generalisable, particularly to tissues with
complex structure. Consequently, several groups have worked to
develop such techniques.

The recently developed methods of merFISH (Chen et al, 2015)
and seqFISH (Shah et al, 2016b) use sequencing-by-hybridisation
techniques for transcriptomic quantification. In these assays, fixed
cells are subject to repeated washes of fluorescently labelled DNA
probes coupled with matched rounds of imaging; careful design of
the probes allows individual RNA species to be identified by dif-
ferent sequences of fluorescence across washes, building up a
unique barcode for each transcript (Fig 6A). The accuracy and reso-
lution of these techniques have been improved by sample back-
ground clearing (Moffitt et al, 2016; Shah et al, 2016a), but the
number of genes that can be reliably assayed has remained much
lower than can be achieved with scRNA-seq (e.g. 249 genes in Shah
et al, 2016b). However, recent efforts have reported the quan-
tification of over 10,000 different transcripts in the same cells (Eng
et al, 2017).

Locational information in these FISH assays is encoded at the
individual transcript level, allowing the examination of intra-cellular
effects (e.g. organelle localisation) as well as inter-cellular influ-

ences. These imaging techniques offer vast potential in
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developmental biology, particularly with regard to understanding
signalling processes in complex systems such as embryos.

The importance of perturbations in single-cell analyses

High-throughput -omics techniques have found their forte in
hypothesis generation: because they quantify vast amounts of infor-
mation, they offer considerable scope for identifying differences
between samples that can form the basis of future targeted studies.
However, in and of themselves, changes in gene expression levels
do not provide conclusive evidence for hypotheses: Are cellular
phenomena driving or being driven by the expression change? Is the
expression change a function of some orthogonal effect? Have
apparently significant changes arisen by chance? Follow-up experi-
ments are therefore critical—by inducing over- or underexpression
of a gene, strong signals should be detectable from further -omic
assays, or through cellular behaviour alone. An appealing alterna-
tive exists for single-cell transcriptomics: natural variation in expres-
sion levels. As cells stochastically express more or less of individual
genes than other cells in a population, differences in overall gene
expression should propagate through gene regulatory networks,
forming a large set of “micro-perturbations”. However, such small
differences can be readily confounded by technical artefacts (e.g.
batch effects), and inference of gene regulatory networks from
scRNA-seq data has been challenging to date. For instance, the
SCENIC package utilises cis-regulatory information to reinforce tran-
scriptional gene network learning (Aibar et al, 2017).

One possible solution to this problem is the combination of
single-cell RNA-seq with targeted CRISPR screens to produce more
impactful perturbations at high throughput (Adamson et al, 2016;
Dixit et al, 2016; Jaitin et al, 2016; Datlinger et al, 2017). Implemen-
tations of this approach are Perturb-seq and CROP-seq. Specifically,
these methods infect pools of cells with viral constructs containing
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guide RNAs, which together with endogenously expressed Cas9
protein can target specific areas of the genome. Single-cell RNA-seq
can then be applied to profile the transcriptome of each cell in
addition to the specific guide RNAs that were transduced, linking a
holistic view of gene expression with the knowledge of which
perturbations have caused these transcriptional changes. Because of
the pooled nature of such experiments and the ability to tune the
multiplicity of infection, it is possible to load a large assortment of
guide RNAs into a single experiment, allowing the investigation of a
complex set of interacting perturbations without needing to
massively increase the experiment’s scale.

The future of single-cell transcriptomics in
developmental biology

Already single-cell transcriptomics has had a transformative effect
in developmental biology: the ability to assay individual cells has
facilitated the study of highly heterogeneous but small cell popula-
tions from the earliest stages of development. Moving forward, there
are several areas where new developments will lead to even deeper
insights than have already been obtained.

Perhaps most obviously, the vast majority of single-cell experi-
ments performed to date divorce the spatial location of a cell from
its transcriptional profile. Especially in early development, where
spatial location affects the signals that a cell receives and thus its
eventual fate, marrying these two sources of information will be
extremely powerful. New approaches that increase the throughput
of multiplexed RNA FISH, and other in situ sequencing technolo-
gies, promise to make this a reality. One important challenge will be
to computationally record the location of individual cells within the
embryo using a common coordinate framework—this will facilitate
cross-sample comparisons. Interestingly, such a framework has
already begun to be developed within the context of the Allen Brain
Atlas (Sunkin et al, 2013) and will be an important challenge for the
nascent Human Cell Atlas project (Regev et al, 2017). Extending this
to early development will be critical, with effective work in the fly
having already begun (Karaiskos et al, 2017).

Once generated, these spatially resolved maps of expression
within the embryo will facilitate computational inference of signal-
ling gradients, enabling both known and novel morphogen patterns
to be found. This will play a key role in understanding how cells
incorporate signalling information to make decisions about their
downstream fate. While interesting, such new hypotheses will have
to be complemented by additional experiments, for example involv-
ing the use of conditional knockout models.

Another key area where technology is driving biological discov-
ery is the ability to assay multiple molecular layers within the same
cell. Recent advances have allowed the epigenome, transcriptome
and chromatin accessibility of the same cell to be profiled (preprint:
Clark et al, 2018), therefore allowing insight into the mechanisms
driving changes in gene expression. When coupled with information
about a cell’s location in the embryo (and the associated signalling
gradients introduced above), we will begin to move towards a holis-
tic model of cell fate choice and, indeed, of embryogenesis itself.

Underpinning all of these advances will be developments in
computational methods. It is critically important that computa-
tional methods are developed in parallel with new technologies
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and that computational biologists work in close partnership with
the experimental laboratories generating the data. Together, the
potential for transforming our understanding of development is
tremendous.
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