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A network view of disease  
and compound screening
Eric E. Schadt, Stephen H. Friend and David A. Shaywitz

Abstract | the large-scale generation and integration of genomic, proteomic, 
signalling and metabolomic data are increasingly allowing the construction of 
complex networks that provide a new framework for understanding the molecular 
basis of physiological or pathophysiological states. Network-based drug discovery 
aims to harness this knowledge to investigate and understand the impact of 
interventions, such as candidate drugs, on the molecular networks that define 
these states. in this article, we describe how such an approach offers a novel way 
to understand biology, characterize disease and ultimately develop improved 
therapies, and discuss the challenges to realizing these goals.

Over the past 50 years, advances in biology 
have enabled researchers to define disease  
at the molecular level, and to establish causal 
links between specific DNA mutations 
and conditions such as cystic fibrosis and 
Huntington’s disease. molecular biology  
has also facilitated drug discovery in  
several important ways. First, it accelerates 
target identification by allowing scientists 
to systematically mutate a large number of 
potential targets and evaluate them both 
in vivo and in vitro, enabling drug developers 
to focus on targets with the most promising 
biological effect. Second, molecular tech
niques offer researchers a range of screening 
tools after a candidate drug target is  

selected: reporter constructs that can be easily 
introduced into target cell lines; improved 
cellfree biochemical assays that allow the 
activity of a protein or pathway to be easily  
measured; and other liganddiscovery 
approaches. Such assays are typically format
ted for highthroughput screening (HTS) of 
large compound libraries and subsequently 
used to determine structure–activity relation
ships that are required during lead optimiza
tion. This approach remains the cornerstone 
of modern drug development, and has played 
a vital part in the discovery of many, if not 
most, drugs identified in the modern era.

At its core, the current approach to drug 
development seeks to define a linear pathway, 

or causal chain, leading to disease, and then 
to interfere at one of these steps — by  
inhibiting a crucial enzyme or blocking an 
important receptor, for example. The drug 
target is often chosen based on the pheno
type of a mouse that has been genetically 
engineered to express hypermorphic or, more 
commonly, hypomorphic alleles. An assay 
for the target is then designed (as described 
above), HTS is performed and lead com
pounds are identified. Unfortunately, most of 
the drug candidates that eventually emerge 
from this process and enter clinical studies 
ultimately fail, often because of either poor 
efficacy or unanticipated side effects1.

There are two especially important  
limitations to the current approach to drug 
development: first, it requires considerable 
initial input, as the researchers must define 
the pathway and the target, and construct the 
assay. Second, little information is captured 
during the drug development process. Screens 
may provide a series of candidate ‘hits’,  
but rarely provide additional information  
regarding the underlying biology of  
disease and the cellular effect of candidate 
compounds.

The largescale generation and integration 
of genomic, transcriptomic, proteomic,  
signalling and metabolomic data have 
enabled the construction of complex gene 
networks that provide a new framework for 
understanding the molecular basis of dis
ease2–13. This networkbased view of disease 
enables the elaboration of a networkbased 
view of drug discovery and development 
that is profoundly different from current 
methods4,5,9,13,14 (FIG. 1). In this Opinion article, 
we discuss how this multidimensional view 
of disease could replace the familiar linear 
causality model, which generally fails to 
account for the complexity of human biology 
and the intricate web of interactions associ
ated with a particular disease phenotype9. 
Indeed, a growing body of evidence suggests 
that many diseases, including type 2  
diabetes15–17, coronary artery disease15,18, 
type 1 diabetes15,19 and glioblastoma20,21,  
typically result from small defects in many 
genes, rather than large defects in a few genes.

viewing disease as a more elaborate set  
of interconnected pathways acknowledges  
its intricacy and, rather than aiming to  
minimize or dismiss it, aims to understand 
and exploit it22 (FIG. 1a). Therapeutic efforts 
that focus on a single driver of disease may 
miss both the crucial role of other genes as 
well as the ease with which a malignant cell, 
for example, may use alternative parts of  
the larger network to sidestep the effect  
of a drug and thus continue to thrive. 
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viewed from the perspective of a network, 
however, the response of a human or model 
system to a range of ‘perturbagens’ (an input 
to the system, such as a natural mutation 
or a chemical, that alters the behaviour of 
the system) provides an important oppor
tunity to probe the pattern of interactions 
and refine the model (FIG. 1c); this approach 
may also identify underappreciated pressure 
points — such as possible drug targets  
or biomarkers that are less evident in  
traditional, linear models.

The conventional approach to drug 
discovery also does not fully exploit what 
we might know about existing compounds, 
which are typically characterized on the 
basis of a single in vitro binding or activity 
assay. By defining the response to  
compounds in a range of cell types in  
terms of variations in gene networks that 
define disease, toxicity or other relevant 
phenotypes, the compounds can be anno
tated and classified in an empirical, highly 
articulated way14,23 (FIG. 1b). These com
pound descriptions will be progressively 
and continuously refined, as the anticipated 
flow of new largescale ‘omic’ data is likely 
to identify potential offtarget or otherwise 
unanticipated effects of existing and  
emerging compounds (FIG. 1d).

NBDD 1.0: functional genomics
Over a short time period, considerable 
progress has been made in establishing the 
foundation for networkbased drug discovery 
(NBDD) (TaBle 1). Only 10 years ago,  
the first studies were begun to characterize 
patterns of gene expression on a genome
wide scale that reflected disease states in 
human populations. The primary aim of 
these firstgeneration studies (NBDD 1.0) 
was to identify patterns of gene expression 
that could distinguish disease states from 
normal states or define subtypes of a  
particular disease at the molecular level. 
These patterns of expression were used to 
derive simple models that could be used to 
provide additional information about a com
plex biological process — data that in some 
cases were of significant medical value11,24,25. 
The use of gene expression signatures to  
provide a prognosis for breast cancer is  
perhaps the canonical example11 (FIG. 2).

 The initial successes of NBDD 1.0  
generated great interest in this approach, 
which led to the rapid recognition of  
important limitations. Relationships derived 
from these data alone could not reflect the 
complete extent of protein interactions,  
protein states, metabolite levels, cellular  
localization, wholebody physiological 

parameters and other important phenotypic 
data that define the complexity of living  
systems. Furthermore, simply identifying 
variations in gene expression between healthy 
and disease states does not reveal which  
differences are driving the disease and which 
reflect a response to the altered cellular state 
associated with a disease.

NBDD 2.0: an integrative approach
The aim of the next generation of genomic 
analysis (NBDD 2.0) — the genomewide 
association (GWA) study — is to use infor
mation on DNA variation to reveal the root 
causes of disease, and identify the genes 
and associated signalling pathways that are 
involved. Owing to the completion of com
prehensive single nucleotide polymorphism 
(SNP) maps covering the human genome 
and the availability of highthroughput, low
cost SNP genotyping assays, the past 3 years 
have seen a rapid increase in the discovery 
rate of DNA variations that are associated 
with common human diseases26. In fact, the 
many GWA analyses carried out across a 
range of common human diseases, including  
agerelated macular degeneration27,28, 
Crohn’s disease15,29, type 1 diabetes15,19,  
coronary artery disease15,18, HIv1 infection30 
and type 2 diabetes15,17, have uncovered 
more susceptibility genes in the past 2 years 
than in all other years combined, and have 
begun to revolutionize our understanding 
of the pathways involved in these diseases. 
However, these studies have also shown that 
the diseaseassociated SNPs rarely affect the  
coding sequence of genes, as they often 
occur in the introns of genes or in intergenic 
regions26; this makes it difficult to function
ally validate or identify the underlying causal 
gene or genes, let alone understand how they 
operate to affect disease risk.

 Just as the expression data alone cannot  
be used to solve the complexity of disease, 
correlations between changes in DNA and 
changes in a disease trait do not necessarily 
lead directly to genes that either cause disease 
or can be targeted for treatment. In most 
cases, common diseaseassociated DNA  
variations will provide neither sufficient  
evidence to link a specific gene to disease,  
nor the mechanistic information to link the 
DNA variation to the pathophysiology of 
the disease. A more informed, multidimen
sional context is required to understand how 
changes in DNA affect the molecular states 
of a system and cause changes in disease
associated traits. From a drug development 
perspective, these two limitations — the  
difficulty of identifying the causative genes 
and the difficulty of understanding how a 

gene variation is associated with disease — 
mean that in most cases GWA analysis alone 
is unlikely to provide sufficient information 
to yield useful drug targets, at least not with 
the confidence required to justify substantial 
investment.

To improve the value of hits generated by 
the GWA approach, researchers have begun 
to combine GWA genotypic data with gene 
expression or other molecular phenotypic 
data to determine whether DNA variations 
that seem to be associated with disease  
are also associated with contrasting  
expression levels of an individual gene,  
which would suggest a mechanistic link10,31–33.  
This approach (NBDD 2.1) can be used to 
establish whether the molecular trait (for 
example, a gene polymorphism) and the 
clinical trait are related in a causal or reactive 
manner, or are independent9. Because the 
molecular traits often correspond directly to 
genes, this type of modelling can lead directly 
to the identification of genes that have a 
causal role in disease.

In fact, this type of strategy has recently 
been used in several studies to identify genes 
that have a causative role in common human 
diseases, including asthma, obesity, diabetes 
and heart disease. One study examined gene 
expression in lymphoblastoid cell lines that 
were derived from children with a family 
history of asthma, and discovered that the 
expression of ORMDL3 was significantly 
associated with a nearby SNP that was itself 
significantly associated with asthma34,35. This 

Figure 1 | Aims of network-based drug dis-
covery. A network-based view of drug discovery 
and development seeks to define disease states 
as molecular networks (a), characterize com-
pounds by their action on molecular networks (b), 
refine the molecular networks associated with 
disease based on response to perturbations (for 
example, a change in environment or addition  
of a drug) (c) and refine the annotation of com-
pounds based on the identification of networks 
associated with off-target activity or other  
unanticipated effects (d).
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finding provided a substantial proportion 
of the functional evidence that was used to 
claim that ORMDL3 is a new asthma suscep
tibility gene. Other recent studies examined 
gene expression in the liver and identified 
three candidate susceptibility genes (SORT1, 
CELSR2 and PSRC1) for cardiovascular 
disease18 and increased plasma levels of low
density lipoprotein (LDL)–cholesterol36,37.  
An SNP that was found to be associated  
with cardiovascular disease and high 
LDL–cholesterol levels was also significantly 
associated with the expression level of these 
three genes in the liver, and these genes were 
located near the SNP37,38. In similar genetic 
studies in mouse populations, these three 
genes were shown to be causally associated 
with LDL–cholesterol levels4. Finally, in a 
similar type of approach, Zfp90, C3ar1,  
and Tgfbr2 were identified and validated  
as obesity susceptibility genes9.

Although gene expression data can 
contribute to the interpretation of GWA 
analyses, the approach provides limited 
information on the underlying molecular 
interactions that drive disease, as the focus 
remains on the identification of individual 
susceptibility genes that correspond to DNA 
loci associated with disease. Therefore,  
the usefulness of even the enhanced GWA 
analysis in drug discovery is limited.

NBDD 3.0 and beyond: complexity
Over the past few years, there has been  
a surge in the development of new  
technologies that provide more complete 
information on the molecular, cellular and 
physiological states of human or other 
complex systems. As a result, the amount of 
data available in these fields has expanded 
dramatically — from ~10 gigabytes in 2000, 
to ~1 terabyte in 2004 and ~1 petabyte in 
2008. Indeed, single experiments can now 
generate terabytes of genotypic, sequence, 
gene expression, physiological and imaging 
data. This has greatly improved our ability 
to generate comprehensive snapshots of 
systems; each of these data dimensions pro
vides a complementary view that is useful 
individually and exceptionally valuable col
lectively. As an integrated whole, these data 
sets enable the construction of sophisticated 
models that are increasingly able to predict 
complex system behaviour (such as disease 
and drug response).

For example, in a recently published 
study, genotype, gene expression, protein–
protein interaction, DNA–protein binding 
and protein complex data were integrated 
to construct a probabilistic, causal gene net
work, which was then used to predict causal 
regulators of central subnetworks or modules 
(see BOX 1 for a definition of networks and 

network modules). The predictions made 
from the network were then prospectively 
validated, demonstrating the power of inte
grating multiple independently generated 
sets of data13 (FIG. 3). The improvements in 
our ability to comprehensively monitor DNA 
variation at the individual level enhances our 
ability to infer causal associations between 
genes and disease traits, providing a system
atic source of perturbation of the wide  
range of molecular traits that make up  
living systems. As highlighted in FIG. 3, these 
perturbations are of crucial importance for 
constructing models (that is, networks) that 
are not only descriptive but can also be used 
to predict complex system behaviour13,39.

Stated simply, the ambitious goal of 
NBDD is to capture the full complement of 
molecular entities that drive disease states  
in humans. Networks generally provide a  
tractable framework for exploring the context 
within which single genes operate. In order 
to derive causal relationships from large
scale molecular profiling data that are now 
easily generated in research laboratories, a 
systematic source of perturbation is required. 
This is because gene expression data, protein 
interaction data and other types of inter
action and physiological data are associative 
and so cannot generally inform on causal 
relationships among genes, and between 
genes and disease traits. However, by per
turbing systems and assessing the effect on 
these variables, causality can be inferred. 
Classically, this has been achieved by gene 
knockouts, the use of transgenic animals, 
RNA interferencebased knockdowns and 
chemical perturbations. more recently (such 
as in enhanced GWA analysis), DNA varia
tions in populations have been harnessed as 
a systematic perturbation source, as changes 
in DNA can induce changes in RNA levels 
and/or protein states, and those changes in 
turn affect higherorder phenotypes, such as 
disease or drug response.

The identification of individual disease 
susceptibility genes can be useful. However, 
multiple largescale functional genomic 
studies of a number of diseases suggest that 
the most common forms of these diseases 
are emergent properties of networks that are 
affected by a complex interaction of genetic 
and environmental factors (including  
epi genetic and transgenerational epigenetic  
factors)4,5,9,40–42. To understand common 
forms of disease and how best to treat 
disease and assess disease risk and progres
sion, the web of molecular interactions that 
underlie the disease must be understood, in 
addition to the genetic and environmental 
factors that affect these intermolecular 

table 1 | Evolution of network-based drug discovery (NBDD) 

version technique principle example 
application

limitation

NBDD 1.0 Gene 
expression 
profiling

Gene expression 
signatures define 
normal and disease 
states

Breast cancer 
prognosis

Only allows 
associative 
conclusions to  
be drawn

NBDD 2.0 Genome-wide 
association 
studies 

correlations 
between DNA 
changes and disease 
trait changes 
suggest causes  
of disease

identification 
of disease 
susceptibility 
genes

causal genes are 
not always clear; 
relationship between 
DNA variation and 
pathophysiology  
are often unclear

NBDD 2.1 Genome-wide 
association 
studies 
and gene 
expression 
profiling

Addition of 
expression 
data permits 
determination of 
causality between 
specific genes and 
disease

improved 
identification 
of disease 
susceptibility 
genes

Provides information 
about individual 
genes, not network 
relationships

NBDD 3.0 NBDD 2.1 
combined with 
a systems view

A disease is 
modelled as a 
complex network

improved 
identification 
of disease 
susceptibility 
genes; 
development of 
an understanding 
of molecular 
states of disease

Networks are 
generally restricted  
by tissue type; 
considers a limited 
number of molecular 
traits

Probabilistic 
causal networks

interaction 
networks 
informed by 
DNA variation
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relationships and thereby cause disease.  
The clinical phenotype of the disease must 
also be rigorously defined. Therefore, 
another important advance (NBDD 3.0) has 
been the integration of DNA variation, gene 
expression and other molecular trait infor
mation more generally, together with robust 
physiological annotation to define entire 
gene networks that not only describe the  
system, but increasingly enable the predic
tion of complex states of the system. Towards 
this end, two general types of networks have 
been used recently to elucidate the complexity 
of intricate phenotypes (such as disease): 
first, probabilistic causal networks; and  
second, interaction or association networks.

In probabilistic causal networks, edges 
are directed, representing explicitly causal 
relationships between nodes. The nodes 
in this case could be genes, proteins, 
metabolites or other phenotypes of interest, 
including disease traits. One of the more 
commonly used reconstruction methods to 
derive these networks is the Bayesian net
work reconstruction method43,44. Using this 
approach, hundreds or even thousands of 
variables can be considered simultaneously 

and the patterns of causal relationships 
between these variables can be identified in a 
completely datadriven way. One of the limi
tations of Bayesian network reconstruction 
methods is their historical failure to generate 
models that are predictive, when constructed 
based on correlation data alone (for example, 
largescale gene expression data or protein–
protein interaction data). In such cases, it is 
not always possible to resolve the causal rela
tionships between traits, owing to a property 
between random variables that is known as 
markov equivalence13,39,43.

Recently, we have been able to overcome 
this limitation by the introduction of system
atic perturbations (that is, DNA variation) 
and by incorporating other experimental 
data that can help establish causal relation
ships. Specifically, we recently presented a 
new network reconstruction method that 
simultaneously considered genotypic, gene 
expression, DNA–protein binding, protein–
protein interaction and protein complex 
data from independent experiments to 
produce a probabilistic causal network44. 
We showed that this network was capable 
of predicting causal relationships between 

genes and that, in some cases, it was able to 
elucidate the mechanistic underpinnings 
of those relationships. For example, for the 
network shown in FIG. 3, ILV6 was identified 
in yeast as a causal regulator because varia
tions in DNA in the region of ILV6 caused 
changes in expression of this gene (a cis
acting effect) and because changes in ILV6 
induced changes in the network state itself, 
as determined by simulation. Interestingly, 
although ILV6 does not encode a transcrip
tion factor, a node to which ILV6 is directly 
connected and thought to causally regulate 
(GCN4) does encode a transcription factor. 
Our hypothesis, derived solely from the net
work, was that variation in DNA affects the 
activity of ILV6, which alters the activity of 
the transcription factor encoded by GCN4, 
which in turn affects the expression state of 
the network itself. These predictions were 
prospectively validated by experimentally 
modulating ILV6 and GCN4. In addition,  
we showed that including the information 
on DNA variation dramatically increased the 
predictive power of this network (that is,  
the network built from the expression data 
alone was minimally predictive).

Figure 2 | gene expression signatures of disease. Patterns of gene 
expression in disease cohorts give rise to simple models that distinguish 
between subtypes of disease. the upper panel illustrates the type of 
approach popularized after the development of large-scale, high-
throughput molecular profiling techniques. Large-scale molecular profiling 
data generated in disease cohorts are used to construct statistical  
models that distinguish between disease subtypes. the lower panel 

highlights one of the first instances in which this approach was applied 
to a breast cancer cohort11. striking patterns of gene expression in a 
breast cancer cohort were identified that could distinguish between 
patients with a good prognosis and patients with a poor prognosis. From 
these patterns of expression, a predictive model was constructed and 
then applied prospectively to distinguish between these two groups of 
patients25.
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The second type of network — an inter
action or association network — complements 
the probabilistic causal networks as it  
represents the patterns of connectivity more 
comprehensively. In these networks, edges 
between the nodes in the network represent 
an association or interaction between the 
nodes. Associations in this type of network 
could represent correlations between two 
expression traits in a system of interest or the 
physical interaction of proteins detected in a 
yeast twohybrid system, for example. These 
networks have an interesting property: they 
can be modelled as scalefree, hierarchical 
and modular networks. The ultimate  
benefit of this type of structure is that the 
most highly interconnected nodes — which 
carry most of the information regarding 
states of the network and their association 
with higherorder phenotypes, such as  
disease — can be clustered into modules 
that reflect the different biological processes 
in a tissue. As we and others have shown, 
these modules represent the functional units 
of the system. This is because the modules 
define the more general relationships among 
molecular entities, both within and between 
cells, that characterize specific biological 
processes, and because they can also  
associate with higherorder phenotypes, such 
as disease. This type of network thus pro
vides a method to connect specific modules 
with disease traits of interest4,6,38,45,46 (BOX 1).

The main value of identifying the  
functional units across all parts of a human or 
model system is the opportunity to elucidate 

how these different units interact within and 
between tissues. A recently published study 
describing a mouse population segregating 
a number of type 2 diabetes traits illustrated 
the power of this approach by constructing 
networks based on islet, adipose, liver, skeletal 
muscle and hypothalamus tissues46. In this 
study, functional units were identified within 
each of the tissuespecific networks, and 
interactions between these functional units 
were then identified, leading to a network dia
gram that identified a number of functional 
units and their interactions as underlying 
processes associated with obesity, diabetes, 
heart disease and cancer. This approach can 
provide a way to uncover the functional units 
that drive a disease by assessing the extent to 
which these modules respond to variations 
in DNA that are associated with the disease4. 
Although such approaches can produce 
models of disease, they should be considered 
dynamic, evolving models owing to their 
rudimentary nature. Because biological sys
tems are dynamic and fluid, and are able to 
reconfigure themselves as conditions demand, 
it is unreasonable to expect that individual 
studies would be sufficient to model such sys
tems. Instead, predictive models of complex 
system behaviour (such as disease) will need 
to be generated, corrected, expanded and 
refined by many different groups working as 
contributors in a broader community whose 
members collaborate to constantly improve 
representations of the complex systems (that 
is, a contributor network approach analogous 
to projects such as Wikipedia).

We constructed coexpression networks 
in a segregating mouse population in which 
a wide range of disease traits associated 
with metabolic syndrome were manifested, 
including obesity, diabetes and atheroscle
rosis4. Using gene expression data generated 
from the liver and adipose tissues of all  
animals in the population, we carried out 
the type of analysis discussed above on this 
population. The results showed that, of the 
many functional units (modules) identified 
in the networks that reflected core biological 
pro cesses specific to the liver and adipose 
tissues, only a handful were strongly causally 
associated with the metabolic syndrome 
traits mentioned above. One module in 
particular stood out, not only because it 
was conserved across the liver and adipose 
tissues, between the sexes, and between 
species5, but because it was supported as 
strongly causal for nearly all of the metabolic 
traits that were measured in the cross (that 
is, plasma glucose, insulin and lipid levels, fat 
mass, weight and aortic lesions)4. Again, the 
causal relationship between this module and 
the disease traits was established by making 
use of the changes in DNA in this popula
tion that were simultaneously associated 
with disease and expression traits. The entire 
module was shown to be under the control 
of genomic loci that were associated with the 
metabolic traits, and the predictive modelling 
indicated that the module was causal for the 
disease traits rather than simply reacting 
to or acting independently of these traits. 
This analysis also highlights the importance 
of rigorous physiological characterization, 
emphasizing the value of clinical phenotyping 
in human investigation.

Of the more than 100 genes supported in 
this module as causal for metabolic disease 
traits, such as obesity and diabetes, many 
genes, including Zfp90, Alox5, C3ar1 and 
Tgfbr2, had previously been identified and 
validated as causal for metabolic traits9,14.  
In addition, three other genes were selected 
for validation because they were independently 
supported as causal for metabolic traits in 
other studies (Lpl and Lactb) or because they 
were supported as causal for a wide range 
of metabolic traits (Ppm1l)4. Interestingly, 
there was a high degree of connectivity in 
this causal metabolic module. Perturbations 
to genes in this module that were previously 
validated as causal for the metabolic traits 
caused expression changes in many other 
genes that had also been validated as causal 
for metabolic traits. For example, overex
pression of Zfp90 in mice not only generated 
an expression response that significantly 
overlapped with the causal metabolic 

 Box 1 | Gene networks and network modules

Gene networks are graphical models that represent relationships among thousands of 
molecular and clinical traits (for example, DNA variations, RNA levels, protein state, metabolite 
levels and disease state), providing a way to visualize complex relationships among genes, and 
between genes and disease traits in any given context. Gene networks are comprised of nodes 
that represent genes and edges between the nodes that represent relationships between genes. 
The edges in a network can be undirected, indicating a reciprocal interaction between two 
genes, or directed, indicating a causal relationship between two genes.

For example, two genes may have expression levels in a given tissue that are correlated with 
each other across a population of individuals43.The two genes may encode proteins that 
interact64, or changes in the activity of one gene may lead to changes in the activity of the other 
gene9 (FIG. 3). In the case of correlated expression levels, the two genes in the corresponding 
network would be connected by an undirected edge, indicating that they are significantly 
correlated. Furthermore, if we establish that changes in DNA directly affect the transcript levels 
of one of the genes and that this in turn leads to changes in transcript levels of a second gene, 
then we would connect the two genes with a directed edge to indicate this causal relationship.

The topology of a gene network is defined by the connectivity structure among the genes 
(nodes) in the network. We can define a network module as a subset of genes that are more highly 
interconnected with each other than with any other genes in the network. These sets of highly 
interconnected genes (modules) can provide valuable insights into the biological processes 
defined by the network4. Network modules represent global population level measurements that 
describe variation between individuals, which in turn define biological processes in the tissue or 
cells associated with the module. This contrasts with the more classical biochemical pathway 
diagrams in textbooks and pathway databases like KEGG65, which represent these pathways as 
isolated processes.
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module, but also caused changes in other 
genes, such as Pparg, that are known to have 
an impact on metabolic traits4.

Implications for drug discovery
The networkbased approach to defining 
complex system processes such as disease, 
discussed above, highlights three features 
that have the potential to substantially affect 
drug discovery. First, the analysis identified 
several hundred diseasecausing genes that 
act together in a module to drive disease. 
Second, within a given module, perturbing 
individual genes that were previously shown 
to be causal for disease traits had a visible 
impact on the entire module. Third, the 
module was easily defined and identified as 
causally associated with disease without the 
need for prior knowledge about exactly how 
the genes in the module were mechanistically 
connected.

 The first two features taken together  
suggest that efficacious treatments for  
common human diseases, such as obesity and 
diabetes, may not be achieved by targeting 
single ‘disease genes’, at least not without  
taking into account the part such a gene 
plays in the network (for example, as a 
regulator of the network). If a network 
drives disease, and targeting a single gene 
product in that module induces compensa
tory changes that minimize the functional 
consequences of the disruption, then the 
anticipated efficacy of such an intervention 
would be appreciably lower than traditional 
models would predict. In effect, most con
ventional singledrug strategies approach the 
network with a sledgehammer rather than a 
scalpel, and often require unacceptably high 
levels of the drug. It is appealing to imagine 
at least two more elegant therapeutic strate
gies: one approach might use comparatively 
low doses of several carefully selected drugs 
that together disrupt the disease network in a 
precise, effective manner while having only 
a minimal impact on the rest of the system. 
A second approach might still use a single 
drug, but be directed towards a particularly 
vulnerable part of the pathophysio logical 
network — a target that is neither  
immediately obvious nor directly linked  
to a disease gene47.

The third feature of the networkbased 
approach — empirically defined disease 
modules — suggests a potentially power
ful new paradigm for designing efficacious 
treatments, especially when considered 
in light of the limitations of current 
approaches. Instead of identifying a single 
target in the web of genes that define a  
disease and then designing a small molecule 

to specifically inhibit or activate that  
target (the current approach), large classes 
of compounds could be screened against the 
diseasecausing networks to identify those 
compounds (or compound combinations) 
that perturb the disease networks in  
ways that return the network to its  
predisease state (FIG. 4).

This strategy is reminiscent of the drug 
discovery approaches of 50 years ago,  
in which compounds were screened to assess 
their effects on higherorder phenotypes  
of interest. However, unlike this classical  
approach of screening against coarse,  
often illdefined phenotypes, the molecular 
networks provide a more sophisticated 
phenotype for which the interdependent 

relationships that underlie a specific  
subtype of disease can be scored in an HTS 
context. Compounds or even combinations 
of compounds that have favourable effects 
on diseaseassociated networks could then 
be selected and optimized with respect to 
their impact on those networks. In addition, 
because the broader network reflects more 
general states of the system, not only would 
we be able to identify those functional units 
that drive disease, but we could potentially 
identify those functional units that drive 
toxicity or other adverse events that often 
limit the usefulness of otherwise efficacious  
compounds. In this way, compounds or com
binations of compounds could be screened 
for favourable impact on diseasedriving 

Figure 3 | integration of data sets to construct models of biological networks. We recently 
developed methods to reconstruct causal probabilistic networks (the Bayesian networks described in 
the main text) by integrating genotype, gene expression, DNA–protein binding, protein–protein inter-
action and protein complex data. this method was applied to genotype and gene expression data 
from a population of yeast, as well as to independently generated protein–protein interaction and 
DNA–protein binding data. A number of predictions regarding causal regulators of key yeast sub-
networks (that is, modules) were made and prospectively validated, showing the usefulness of the 
integrative approach13. A subnetwork regulated by LEU2 and ILV6 is shown here.
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networks while simultaneously minimizing 
the impact on networks responsible for  
toxicity or other adverse events (FIG. 4).

To illustrate how this could be established 
in practice, we discuss the macrophage
enriched metabolic (mem) network that 
we identified and validated as causal for 
metabolic traits in mouse and human popu
lations4,5. The causal nature of this network 
for metabolic traits associated with obesity, 
diabetes and heart disease makes it an ideal 
candidate therapeutic target. However, given 
the highly interconnected nature of this 

network, as discussed above, targeting single 
genes as a treatment is problematic because 
it causes compensatory changes that affect 
the state of the entire network. Nevertheless, 
screening for compounds (either naturally 
occurring compounds or synthetic small 
molecules) that favourably affect the state of 
this network with respect to the metabolic 
disease traits provides a viable path towards 
efficacious treatments. Three important 
components would be required to carry out 
the procedure shown in FIG. 4 to identify 
compounds or combinations of compounds 

that favourably impact the mem network: 
first, a set of molecular phenotypes that 
accurately reflect the state of the mem 
network with respect to disease pheno
types; second, a cellbased system that is 
not only amenable to HTS, but also reflects 
the true state of the mem network; and 
third, HTS capability that includes a library 
of compounds for screening (either single 
compounds or combinations of compounds) 
and an appropriate, lowcost technology for 
assaying largescale molecular phenotypes 
on a per well basis.

Figure 4 | procedure for network-based drug discovery. the integration 
of molecular, clinical, physiological, imaging and literature data leads to 
molecular networks that define subtypes of disease, toxicity pathways and 
other complex phenotypes (a). Predictive models that define networks for 
a particular disease subtype or for toxicity can be used to construct gene 
expression-based assays for high-throughput screening. the effect that any 
given compound has on a specific network of interest can be assayed in 
cell-based systems that reflect the states of the networks of interest. such 
assays can be developed by identifying nodes in the networks of interest 

that reflect network states. High-throughput screening against such nodes 
can lead to the rapid identification of compounds that affect disease net-
works in favourable ways, while simultaneously identifying compounds that 
affect networks associated with toxicity or other adverse events (b). in this 
way, compounds can be identified that target specific subtypes of disease 
(patients shown in blue, green and red) without affecting networks that can 
lead to toxicity or adverse events. Drugs specific to a particular disease sub-
type can then be matched to patients with that subtype of disease to deliver 
the right drug to the right person at the right time (c).
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The first component of the NBDD  
procedure is readily identified from the net
work of interest (the mem network in this 
case). Given the high level of connectivity 
within this network (that is, a high degree  
of correlation between the nodes), it is not  
necessary to assess the state of all nodes to 
assess the state of the network. The mem 
network is comprised of nearly 1,500 nodes, 
but fewer than 100 nodes could be optimally 
selected using any number of dimensionality 
reduction techniques to accurately reflect 
the state of this network. multiple networks 
could be identified and simultaneously 
screened as well. For example, in addition to 
the mem network, toxicity networks could 
be identified and simultaneously screened 
with the mem network to identify not only 
those compounds that favourably affect the 
mem network, but also those that favourably 
affect toxicity networks (FIG. 4).

Component two of the procedure is more 
problematic, given that diseasecausing  
networks, such as the mem network, are 
constructed from populations of in vivo 
samples obtained from tissues that are  
relevant to the disease state itself. Therefore, 
it is crucial that any cellbased system of 
interest is fully explored to ensure that the 
network of interest is accurately represented. 
In the case of the mem network, cultured 
macrophages or macrophages cocultured 
with hepatocytes provides an ideal model. 
Perhaps the two biggest gaps in the screening 
approach depicted in FIG. 4 are the need for 
cellbased systems that accurately reflect 
in vivo network states associated with dis
eases or other complex traits of interest, and 
the need for more extensive — and more 
imaginative — physiological phenotyping, 
especially in humans. We anticipate sub
stantial advances in the coming years in the 
development of cellbased systems that more 
accurately reflect in vivo states, given the 
rapid advances in our understanding of how 
certain cells grow and differentiate into more 
highly specialized cells that reflect organ
specific behaviour48. However, although we 
are enthusiastic about the improved physio
logical monitoring that is made possible by 
advancing technologies, we are concerned 
by reports of the declining status of both 
physiological research and clinical inves
tigation, as these disciplines will be vital 
for the success of the network approach we 
describe49–53.

The third component of the NBDD  
procedure is the technology needed to 
carry out the screening. HTS technologies 
in the pharmaceutical, biotechnology and 
even academic arenas are well developed 

and capable of efficiently screening millions 
of compounds. In addition, a number of 
technologies are currently in use to assess 
the expression states of hundreds or even 
thousands of transcripts simultaneously on 
a per well basis in a 96 or 384well plate for
mat. For example, the Luminex Corporation 
xmAP technology can be used to assay at 
least 100 different transcripts simultaneously 
per sample in an HTS context, and High 
Throughput Genomics (HTG) has recently 
released middensity fluorescencebased 
arrays that are capable of monitoring approx
imately 2,300 transcripts per well in a 96well 
plate format. Hits from the initial network 
screen can be optimized using the standard 
quantitative structure–activity relationship 
(QSAR) of the pharmacophore to find lead 
compounds. In the case of the mem net
work, the expression state of the network as 
determined by the transcripts used in the 
screening step became the variables of interest. 
Given that technologies such as those  
developed by HTG can measure transcript 
abundances with low coefficients of varia
tion, there is now a precedent for optimizing 
leads based on QSAR qNPA (quantitative 
nuclease protection assay) data54.

Finally, we propose that the main advance 
in the network screening approach to drug 
discovery relies on the construction of net
works that are predictive of specific forms  
of disease that in turn identify the range of  
phenotypes against which a screen can be 
performed. The other components required 
for success depend more on the stream of 
technological advances that continue to 
improve our ability to accurately monitor 
thousands of variables, such as expression 
traits, in thousands of contexts — for  
example, in the presence of individual  
perturbagens from large compound libraries.  
Since the work of Hughes et al. nearly 
10 years ago55, the idea of screening com
pounds against multidimensional gene 
expression signatures to identify compounds 
with desirable phenotypic effects has received 
considerable attention. New combinations 
of small molecules to treat cancer have been 
identified in this way56, and the impact on 
more general screening paradigms has been 
discussed, moving us towards a more  
networkbased view of pharmacology57–60.

However, there are few examples of using 
predictive networks to identify a more proxi
mal, causal set of genes that define subtype
specific phenotypes of disease. Using simple 
gene expression signatures for this purpose 
will prove problematic (for example, gene 
expression signatures generated from treated 
versus untreated samples), given that reactive 

changes, experimental artefacts and other 
unwanted sources of variation can obscure 
the causal signature of interest. We con
structed perhaps the first example of a causal 
gene network for disease, in which the genes 
comprising the causal network were then 
shown to link drug response signatures with 
specific subtypes of disease. This led to the 
identification of Alox5 as causal for a number 
of metabolic traits14. Our recent work dis
cussed above continues to evolve the idea 
of identifying functional units of biological 
systems that are causal for disease4,5,38,46 and 
which, in turn, can provide a more informa
tive phenotype for screening purposes.  
Only by generating and mastering the 
diverse, largescale sets of data that are 
needed to reconstruct accurate representa
tions of complex phenotypes at the  
molecular level (the true challenge over the 
next 20 years) can we appropriately design 
screening assays to assess network states.

Hurdles and next steps
The success of networkbased phenotypic 
screening will depend on the construction of 
networks that are predictive of disease, not 
merely descriptive. In order to achieve these 
more predictive models (NBDD 4.0), there 
are at least three scientific prerequisites: first, 
expansion of existing networks so that they 
reflect relationships between human tissues, 
not just within a tissue (the murine diabetes 
study by Keller et al.46 is an important step 
in this direction); second, characterization 
of a greater range of molecular phenotypes, 
to enhance our understanding of relevant 
functional units; and third, improvement in 
model capabilities, ideally drawing on the 
expertise of other fields that have pioneered 
causalitytype reasoning61.

 Although NBDD 4.0 will require richly 
detailed, reliable human physiological data, 
such information can be surprisingly  
difficult to acquire, emphasizing the need 
for a renewed focus on human physiological 
investigation50,53,62. It is attractive to imagine 
the widespread adoption of an electronic 
medical record platform that includes both 
genomic and physiological data, and which 
interfaces with a national database  
(with appropriate privacy and security  
protections). Such a resource would be  
enormously valuable not only for NBDD, 
but also for clinical research more broadly.

NBDD is likely to generate challenging  
questions for both regulators and drug 
developers. For example, although network
based approaches may occasionally reveal 
a unique, promising target that is amenable 
to modulation by a single active agent, in 
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many other instances, the data will suggest 
an approach involving multiple new active 
agents. What is the regulatory path for such 
a combination therapeutic, especially con
sidering that each of the individual active 
agents, by design, would be expected to 
show a minimal biological effect, but which 
together may profoundly affect a disease 
network? Similarly, what is the develop
mental path for these types of combination 
therapies, and how can this be achieved in a 
costeffective way? Ultimately, the challenge 
of optimizing multiple compounds could 
be mitigated by the opportunity, early in 
drug development, to evaluate the effects of 
candidate therapeutics on entire networks. 
This would enable optimization and evalua
tion to occur more efficiently and effectively, 
so that therapeutics emerging from this 
approach would have a far higher probability 
of success than molecules currently entering 
clinical studies.

Nevertheless, arguably the most important 
change required for the success of network
based approaches is one of mindset: the 
existing linear model is so firmly established, 
and seems at first glance so reasonable and 
understandable, that limitations are often 
forgiven and failures interpreted as exceptions 
rather than the unfortunate rule. For example, 
despite considerable evidence highlighting 
the limitations of many mouse models of dis
ease, which are often highly dependent on the 
specific genetic background selected, these 
paradigms are often so deeply entrenched that 
it can be difficult to consider a different path 
to drug development. In the networkbased 
view, the goal is not to seek the perfect strain 
background to make a particular disease 
model ‘work’, but rather to use the different 
characteristics exhibited by a range of strains 
— and by a range of patients — to reveal the 
complex networks that underlie the disease. 
The vision is that, eventually, preclinical proof 
of concept will be established not on the 
basis of the effect of a candidate therapeutic 
on a flawed animal model, but rather on the 
demonstrated impact of the therapeutic on 
key cellular networks that drive the human 
pathophysiology.

Although the full potential of NBDD  
may take years to realize, two intermediate 
milestones may be achieved within the next  
5 years. The first is the use of disease net
works to identify new drug targets. most 
probably, the initial targets selected will still 
be disease genes but, as networks are under
stood in greater detail, more sophisticated 
and more effective target identification will 
be possible. Second, empirical evaluation of 
the effects of existing drugs on networks will 

lead to both new applications (that is,  
repurposing) as well as new drug  
combinations. As this approach uses drugs 
that are already approved, both the develop
ment and the regulatory hurdles are likely to 
be manageable.

Conclusion
Although the translation of molecular 
advances into improved therapeutics has 
proved notoriously challenging, the recent 
advances highlighted in this article provide 
considerable hope. The pivotal insight leading  
to this progress was the recognition that 
molecular advances do not create a short
cut for drug design, but rather provide an 
opportunity to better understand how a cell, 
an organ and an entire body is responding to 
a web of genetic and environmental factors63.

NBDD accepts the complexity of human 
physiology and relies on iterative empiricism 
to develop and refine the network models. 
The approach seeks to capture and integrate, 
to the greatest extent possible, the complete 
details of a physiological or pathophysiologi
cal state, and to understand the intricate 
effects of candidate molecules on molecular 
networks. By presuming less and seeking 
more, NBDD provides a methodology that 
meshes the past success of empiricism with 
profoundly improved technologies, offering 
a radically new way to understand biology, 
to characterize disease, and ultimately, we 
hope, to develop important new treatments 
for patients.
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