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Abstract
Systems biology uses experimental and computational approaches to characterize large sample
populations systematically, process large datasets, examine and analyze regulatory networks, and
model reactions to determine how components are joined to form functional systems. Systems
biology technologies, data and knowledge are particularly useful in understanding disease
processes and drug actions. An important area of integration between systems biology and drug
discovery is the concept of polypharmacology: the treatment of diseases by modulating more than
one target. Polypharmacology for complex diseases is likely to involve multiple drugs acting on
distinct targets that are part of a network regulating physiological responses. This review discusses
the current state of the systems-level understanding of diseases and both the therapeutic and
adverse mechanisms of drug actions. Drug-target networks can be used to identify multiple targets
and to determine suitable combinations of drug targets or drugs. Thus, the discovery of new drug
therapies for complex diseases may be greatly aided by systems biology.
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Introduction
Drug discovery is a complex and expensive process. With increasing focus on diseases that
involve many genes, identifying potential drugs has become more complicated. Over the
next 5 years, the pharmaceutical industry will be in a compromised financial position as a
result of upcoming patent expirations on many blockbuster drugs, estimated to be worth a
total of approximately US $160 billion for generics manufacturers. Currently, the R&D
effort required for a drug to progress from clinical trials to market involves 5 to 10 years and
costs an average of US $1 billion. Both prior to and during clinical trials, substantial
research is undertaken to gain a comprehensive understanding of the action of drugs and
possible off-target effects. Methodologies to classify drugs according to their properties (eg,
specificity, half-life and toxicity), molecular structure and SAR have been established over
the past decade [1–3]. However, the high rate of drug attrition indicates that new approaches
are required to improve and expedite the drug discovery process. In theory, the large amount
of data obtained on drug action, metabolism, safety and efficacy in preclinical studies, as
well as in phase I and II clinical trials, should ensure a high success rate in phase III trials.
However, many drugs fail at the phase III stage, primarily because of a lack of efficacy (ie,
no significant difference between placebo and drug treatment, or between the investigational
drug and current treatment alternatives) [4]. The risk of failure is higher if the drug has a
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novel mechanism of action (ie, a newly identified target) [4]. This problematic evidence
indicates that new approaches are necessary in drug-discovery strategies.

This review highlights the manner in which systems biology methodologies could enable a
polypharmacology approach to drug discovery. The presented definition of
polypharmacology encompasses both one drug binding to multiple targets and multiple
drugs that bind to different targets within a network. Potential exists for polypharmacology
to be co-integrated with systems biology. The impact of a systems-level understanding of
complex diseases on polypharmacology and the potential impact on new drug discovery are
discussed, as well as methods that have been used in systems biology experiments.

The use of systems biology to gain perspective on complex diseases
Defining the complex mechanisms underlying diseases is challenging. The viewpoint that
diseases can be understood by a Mendelian perspective, or the ‘one gene-one disease’
theory, and treated with a ‘magic–bullet’ therapy, has proven to be unsuccessful. Many
diseases are not associated with a single genetic determinant. Instead, a complex multiplicity
of genetic determinants leads to a disease state, and a single genetic determinant can
influence more than one disease. In addition, environmental factors, tissue type, hormone
levels and age play a role in how genetic determinants dictate disease manifestation. This
complexity in disease origins arises because the impact on protein function or expression
level is controlled by the regulatory network within which a protein exists.

In order to gain a systems-level perspective of disease at the molecular level, a systems view
of the relevant physiological function is essential. Each physiological process has an
underlying signaling network of chemicals, hormones, protein receptors, ligands, enzymes,
transcription factors, ions or DNA/RNA that modulate biochemical reactions, electrical
signals, mRNA transcription and protein translation. These reactions can each occur with
different kinetics, and simultaneously and/or at different timepoints, as well as at varying
levels of magnitude. Therefore, each physiological function or phenotype is controlled by a
complicated network of signals. Each physiological component of the network (eg, protein,
ion or chemical) can be considered a ‘node’, and each interaction between two nodes (eg,
binding or chemical reaction) is an ‘edge’ (Figure 1A) [5,6]. The scale-free and redundant
properties of biological networks allow for network perturbation without a complete loss of
function. Thus, in a disease system, the signaling networks underlying physiological
symptoms are most likely perturbed at more than one point (node or edge).

Numerous genomic, proteomic and phosphoproteomic studies have focused on discovering
gene expression signatures and protein signaling pathways associated with a particular
disease [7–11]. Many of these studies are hypothesis-driven; however, high-throughput
studies (Table 1), such as genome-wide association studies (GWAS), proteomic
experiments, or short hairpin (sh)RNA/siRNA experiments with a particular disease model,
are also prominent in the literature. Disease-associated genetic data are assembled into
several sources, including compilation studies [12] and databases of gene mutation data,
such as the Online Mendelian Inheritance in Man (OMIM) database or the Catalogue of
Somatic Mutations in Cancer (COSMIC). Such data provide a foundation for studies to
examine genes that harbor mutations in disease as parts of a network, generating information
on the network properties of these nodes (genes) [13–15].

Network representation of genetic mutations in disease
A recent computational study of disease network properties demonstrated that the
phenotypic manifestations of diseases are more likely to be caused by genetic mutations that
perturb networks at an edge rather than at a node [15]. Edgetic perturbations (Figure 1B) are
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more commonly observed in mutations that span multiple diseases, and are caused by in-
frame mutations and the expression of an almost full-length gene product that lacks an
interaction with a neighboring node. In contrast, node mutations (Figure 1B) lead to the
expression of truncated gene products, but do not necessarily affect the interaction of the
node with other proteins in the respective signaling network. Edgetic mutations have
potential consequences at more than one node in the network. Furthermore, different
mutations of the same gene product may affect different edges, with each edgetic mutation
being associated with a different disorder. In an example highlighted by Zhong et al [15],
two different edgetic mutations of the transcription factor TP63 (tumor protein 63) are
involved in two different developmental disorders, ectrodactyly-ectodermal dysplasia–
clefting (EEC) and ankyloblepharon–ectodermal dysplasia–clefting (AEC; Hay-Wells)
syndromes. Although both syndromes are associated with facial clefting, EEC is also
associated with hand and foot deformities and AEC with complete or partial eyelid fusion.
TP63 mutations associated with EEC syndrome disrupt the interaction between TP63 and
DNA, whereas TP63 mutations associated with AEC syndrome disrupt protein-protein
interactions involving the sterile α motif (SAM) domain of TP63 [15] (Figure 1B).
Therefore, not only the identity of the mutated gene, but also the type of mutation,
determines the role of genetic mutations in disease; these multiple components of mutations
add complexity to identifying suitable new therapeutic drug targets.

Network analyses of the relationships between drugs and drug targets
Given that genetic mutations and respective signaling networks, symptom manifestation and
disease progression have a complex relationship, achieving a therapeutic effect with drug
intervention is a multifaceted process that depends strongly on the signaling network
containing the therapeutically targeted node. The relationship between drugs and drug
targets has been studied from a network perspective [16,17]. These studies analyzed the data
available in drug-target databases such as DrugBank [18,19], the Therapeutic Targets
Database (TTD) [20,21], World Molecular Bioactivity (WOMBAT) [22] and the Potential
Drug Target Database (PDTD) [23]. A study by Yildrim et al organized all approved drugs
reported by DrugBank into a drug-target network, in which the drugs are depicted as nodes
that are connected if the drugs share a protein target [17]. A target-protein network, in which
the proteins are nodes that are connected if the proteins are targeted by the same drug, was
also generated. In both networks, the majority of nodes were connected to at least one other
drug/target: more than half of the drugs in the drug-target network formed a ‘giant
interconnected cluster’ (island); however, this island was smaller than the largest cluster in a
comparable randomized network of interactions, and the largest cluster in the
complementary target-protein network was also significantly smaller than the equivalent
cluster in a random network. These trends indicate that many approved drugs are based on
the same therapeutic targets. When investigational drugs were included in this analysis, the
size of the largest cluster within the target-protein network increased, indicating a trend
toward a more diversified pool of drug targets [17].

Data on the number of currently approved drugs and drug targets, extracted from DrugBank
and TTD on March 23, 2010, are depicted in Figure 2. The number of unique targets in
DrugBank increased from 349 in 2007 to 764 with an update implemented on January 1,
2008 [18]. Although the majority of approved drugs have been identified to have one to
three targets (Figures 2A and 2B), the actual number of molecules to which the drugs bind is
likely to be substantially higher, as Drugbank generally lists only the intended therapeutic
targets. Furthermore, the affinity for each target is not specified, and the affinity of the drug
is likely to differ for each target.
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The WOMBAT database compiles the affinities of drugs for any protein target published in
the literature, including interactions other than the intended therapeutic interaction.
According to a recent drug-network study, the average number of targets per drug is 1.8
when considering therapeutic targets only (ie, in DrugBank), increasing to 2.7 if the
interactions reported in WOMBAT are also considered; if both the targets reported in the
literature and any predicted targets are considered, this number increases to 6.3 [24]. The
result is polypharmacology: drugs bind to more than one target, often including targets other
than the intended therapeutic targets.

The drug-target statistics are indicative of the challenge of achieving specificity for one drug
target over other targets. Specificity for a protein target of interest is only part of the overall
complexity of the physiological effect of a drug treatment. Many pathways contain
sequential enzymatic steps that exhibit a variety of kinetics, with first- or second-order
reactions and different rate-limiting steps, creating a complex context in which the dosage of
a drug must be optimized in order to achieve a therapeutic effect. In addition, other factors,
such as the bioavailability, absorption rate, metabolism and half-life of a particular drug,
will also affect how the drug interacts with multiple targets within a network.

Therapeutic polypharmacology in systematic drug combinations
As a description for the binding of a drug to more than one target, polypharmacology can
lead to multiple outcomes, both beneficial and harmful. To consider both outcomes
separately, polypharmacology can be divided into two types: therapeutic polypharmacology
and adverse polypharmacology (Table 2). Therapeutic polypharmacology includes the
concept of treating multigenic, complex diseases by targeting multiple targets with one or
more drugs, in order to effectively reset the regulatory network processes that are altered in
the disease state. Adverse polypharmacology comprises the scenarios in which the ‘off-
target’ binding of drugs leads to adverse effects. Such interactions include binding to protein
targets other than the therapeutic target and binding to the therapeutic target in non-target
tissue.

The systematic treatment of a single disease at two or more targets (ie, critical nodes)
requires a combination of the empirical knowledge of which drugs are effective against each
pathophysiology and the knowledge gained from a systems approach to understanding how
multiple nodes cooperate in a signaling network to produce the pathophysiology associated
with the disease. Ideally, each disease would be treated by therapeutic polypharmacology –
the combination of ‘targeted therapies’ that modulate multiple, specific signaling
components or interactions that malfunction in a given disease [25]. The regulatory network
surrounding the drug targets and/or disease would be analyzed, accounting for the
modulations resulting from the targeted therapy treatment. Combining the building of
interaction networks for various diseases with genome-wide analyses of changes, such as
SNPs or copy-number variations, will allow a significant expansion of the list of possible
drug targets in a physiologically relevant manner. Each gene product associated with disease
is not necessarily ‘druggable’; however, an analysis of the druggability of the human
genome, according to the structural and functional properties of each protein, supports the
view that the current ‘drugome’ can be greatly expanded and diversified [26]. Combining a
network perspective with the empirical knowledge of genetic changes associated with
disease, in order to achieve an understanding of the consequences of targeting each node,
contrasts with the establishment of drug targets through empirical knowledge, such as the
use of trial-and-error approaches in prescribing drugs and drug combinations. For example,
given the known genetic amplifications or mutations associated with cancer, there are
several protocols that require a receptor expression test before drug use, including the
requirement for HER2 expression in breast cancer prior to the prescription of trastuzumab
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[27,28], and EGFR expression in pancreatic cancer for enrollment in a cetuximab
combination clinical trial [29]. However, these diagnostic tests and empirical studies do not
offer a mechanistic insight into why drugs function or do not function, or what role a genetic
change plays in disease progression. Such information may be obtained through careful
analyses of the signaling networks involved. As discussed in subsequent sections, a
therapeutic polypharmacology approach can introduce robustness in therapeutic targeting
and has the potential to minimize the clinical failure of drugs resulting from lack of
effectiveness, through targeting a combination of multiple, critical nodes.

The decision to treat a disease using a combination of drugs with different targets is often
derived from insights based on genomic studies. For example, a gene expression or protein
signal profiling experiment in cells treated with a drug can indicate which genes or signaling
mechanisms are upregulated and interfere with drug action. In addition, GWAS on cohorts
of patients with different responses to a drug can indicate which upregulated genes may be
causing drug resistance. However, because of the variety of genetic backgrounds in disease,
particularly cancer, a given combination of therapies designed to downregulate multiple
targets will not be effective for every patient. Before designing combination therapies,
analyzing the signaling network involved with a drug action within the context of a patient’s
genetic background may be critical to the success of the therapy. Accounting for the effect
of the combination of drug effects within a signaling network will be a distinguishing
feature between currently used, empirical combination therapy and therapeutic
polypharmacology. The following examples demonstrate how components of the signaling
network surrounding a drug target can play important roles in drug action, and why possible
drug combinations can be effective.

Therapeutic pharmacology in antibiotic therapy
A well-understood example of therapeutic polypharmacology is resistance to β-lactam
antibiotics, often caused by the bacterial enzyme β-lactamase. Bacteria produce various
isoforms of β-lactamase, which degrades β-lactam antibiotics and renders these drugs
inactive at inhibiting bacterial cell wall synthesis (Figure 3A). Combining β-lactamase
inhibitors with β-lactam antibiotics overcomes this antibiotic resistance. This combination is
now widely used as an effective antibiotic therapy. However, there are multiple mechanisms
of antibiotic resistance, which continues to be a problem and has been the focus of many
studies (reviewed in [30]).

Therapeutic polypharmacology for multiple drugs at multiple targets
Studies have demonstrated that certain mutations within a targeted molecule, or at a
molecule in another pathway, can render a drug ineffective. In these scenarios, which are
common in the treatment of cancer, a therapeutic polypharmacology approach is most likely
to succeed. In a recent example, the discovery that Notch mutations are associated with T-
cell acute lymphoblastic leukemia (T-ALL) led to the development of inhibitors of this
pathway, such as γ-secretase inhibitors (GSIs; γ-secretase is an upstream regulator of
Notch), for the treatment of cancer [31]. A stapled peptide that directly inhibits the
transcriptional activity of Notch was recently described [32]. The enhanced signaling of the
Notch pathway that results from Notch mutations leads to aberrant cell survival through
anabolic gene expression. GSI treatment typically has a limited success rate because many
patients with T-ALL exhibit other mutations that compensate for the inhibition of the γ-
secretase pathway (eg, PTEN deletion) [31] (Figure 3B). This situation illustrates the
potential utility of a therapeutic polypharmacology approach to target both Myc and Notch
in diseases involving aberrant Notch signaling, which has also been observed in lung
adenocarcinoma and other cancers [31]. In a recent study by Rao et al, a therapeutic
polypharmacology approach was used to examine the properties that render cells sensitive or
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insensitive to GSI therapy [33]. The results prompted the design of a combination therapy of
a GSI with an inhibitor of CDK4, which acts upstream of Myc (Figure 3B). The therapeutic
polypharmacology downregulated the compensatory signal (ie, Myc) through CDK4
inhibition, allowing increased sensitivity to Notch inhibition, thereby producing a
therapeutic effect (ie, inhibition of cell growth) [33].

Therapeutic polypharmacology for one drug at multiple targets
Therapeutic polypharmacology can also arise from one drug binding multiple targets that
contribute to the overall effectiveness of a treatment. For example, sorafenib (Nexavar), a
drug used to treat renal and liver cancers, was originally designed to inhibit Raf kinase
isoforms, but was also demonstrated to inhibit the PDGF and VEGF receptor tyrosine
kinases (RTKs) [34–36], both of which play a role in cancer progression. Thus, the ability of
sorafenib to demonstrate activity against these receptors in conjunction with anti-Raf
activity is advantageous. Sorafenib appears to inhibit cancer cell proliferation by inhibiting
Raf, and prevent tumor progression and angiogenesis by inhibiting PDGFR and VEGFR
(Figure 3C). In another example, lapatinib (Tykerb), which is used to treat metastatic breast
cancer, inhibits ErbB1 and HER2; the upregulation of both of these molecules has been
observed in breast cancer, as well as in several other types of cancer [37].

Therapeutic polypharmacology in designed combination therapy
Another example of therapeutic polypharmacology is illustrated with the regulatory network
surrounding the growth factor RTK in cancer (Figure 4A). Dysregulation of the RTK, MEK
and PI3K pathways resulting from various mutations within these pathways have been
observed in cancer. These altered signaling events have implications for the effectiveness of
targeted therapies; for example, KRAS mutations are often associated with resistance to
EGFR-targeted therapies [38]. The observed high frequency of KRAS mutations in cancer
has led to the development of inhibitors of Raf and MEK, both of which act downstream of
K-Ras [39,40] (Figure 4). BRAF mutations have also been observed in various cancers,
leading to the development of B-Raf inhibitors [41]. Recent studies in cells containing
mutated Ras have also demonstrated that B-Raf inhibitors can lead to enhanced MEK/ERK
activation, caused by the inhibitors functioning as C-Raf activators because of the
heterodimerization of B-Raf and C-Raf [42,43]. Resistance to EGFR therapy can also be
coupled with the maintenance of PI3K signaling through a variety of mechanisms, including
loss of PTEN (a phosphatase and negative regulator of AKT) activity, or ErbB3 or Met
amplification [44]. The association of PI3K signaling with cancer and resistance to therapies
has led to the development of mTOR and PI3K inhibitors [45].

Each targeted therapy affects the signaling network in a different manner, and downstream
inhibitors produce a set of compensatory signals that differs from those involved in upstream
inhibition. For example, the mechanisms of compensation in MEK and PI3K/AKT
inhibition (downstream inhibition) differ from those of EGFR inhibition (upstream
inhibition). MEK inhibition can cause an increase in PI3K/AKT activation (Figure 4B) and,
conversely, PI3K/AKT inhibition can cause an increase in MAPK activation (Figure 4C)
[46,47]. These paradoxical results are caused by a negative feedback loop in RTK signaling
that is mediated by TSC2/p70S6K signaling and controlled by AKT and ERK. Thus, when
MEK/ERK or PI3K/AKT is inhibited, the negative feedback loop is partially shut down
(Figures 4B and 4C), causing signal amplification in the non-inhibited arm of the pathway
that could enable cancer progression [46]. Such mechanisms of resistance are particularly
common in cancer progression and underscore the importance of careful analysis of signal
flow within the surrounding signaling network of drug targets, in order to understand the
mechanisms of resistance and to design therapeutic polypharmacology appropriately to
overcome this resistance.
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Potential applications for therapeutic polypharmacology
The ideal strategy for therapeutic polypharmacology would be to couple a screen in each
patient with the types of mutations and other genomic signatures that exist in the diseased
tissue, examine the effects of the mutations in signaling networks (ie, edge versus node), and
design a therapeutic approach to target the up- or downregulated signals that drive the
pathophysiology specifically. There are many scenarios in which combinatorial treatments
would be useful. The most widely used method for combining drugs involves either a
decision by the prescribing physician or clinical trial design; this method is based on the
available safety information in resources such as the drug label or the physician’s desk
reference. Adding network analyses to estimate the potential improved efficacy of drug
combinations compared with monotherapy could be useful in clinical trial design for
specific disease conditions. In general, only a small fraction of clinical trials in the US
focuses on therapeutic polypharmacology. According to ClinicalTrials.gov, in February
2010, the number of clinical trials for drug combinations in the US (6720) accounted for
approximately 15% of the total number of clinical trials (44,832) [48].

A major issue with screening drug combinations on a large scale is the selection of an
appropriate dose for each drug, as the combination of each physiologically relevant
concentration would lead to a prohibitively high number of test conditions. Only recently, in
a study by Lehar et al, have computational methodologies used to make predictions on drug
combinations been improved [49]. These methodologies are based on the dose-response
curves and network connectivity of the individual drugs. The study demonstrated a clear
relationship between the shape of the drug-dose response surface and the connectivity of the
drug targets [49], potentially enabling large-scale combinatorial studies of several
compounds at selected concentrations. This modeling technology was the foundation used
by the biotechnology company CombinatoRx Inc in the development of an experimental
platform to test combinations of pre-approved, generic drugs for new indications [50,51].
The approach used by CombinatoRx is empirical with respect to targeting nodes within the
disease signaling network systematically, in order to search for combinations of approved
drugs that will have novel activity against a disease. However, the experimental
methodology developed is also valuable for the future of systems pharmacology in
medicine.

Systems biology and therapeutic polypharmacology approaches are likely to expand the
druggable genome, through a comprehensive perspective on disease and drug-action
mechanisms. Systems-level studies can extend the list of targets that would be
mechanistically preferred drug targets for a particular disease. Network analyses of drugs
and drug-target interactions have demonstrated that the currently used drug targets are
limited in diversity, but that the drugs in current R&D pipelines are expanding the drug-
target diversity [17]. As genomic knowledge increases and is combined with the knowledge
of mechanistic pathophysiology, the list of drug targets will also increase. In addition, the
chemistry and biology of drug-design technology has improved greatly. Innovations include
the structure-based design and high-throughput discovery of small-molecule, active-site
inhibitors of enzymes and biological therapeutics, including mAbs, peptides and antisense
therapies. These innovations are complemented by the number of drug targets in R&D
pipelines, the number of which increases substantially when research targets are included
(Figures 2C and 2D). However, even with the addition of research targets, the total number
of currently known targets is only a small fraction of the number of potential targets encoded
by the human genome. Thus, the combination of new drug-discovery technologies and
systems-level discovery should improve and expand the druggable genome.
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In addition, the Pharmaceutical Assets Portal, a recent initiative by the Clinical and
Translational Service Award (CTSA), was designed to encourage the use of drugs that were
abandoned at a clinical stage for repositioning (ie, to further research on a drug molecule
with a new target or indication) [52,53]. This portal allows academic clinicians and
scientists, as well as researchers in the pharmaceutical industry, to access data on drugs that
have failed at various phases of clinical trials. The toxicity and bioavailability of most of
these compounds have already been tested in humans, providing an advantage in
overcoming the barriers involved in initiating the progression of a novel compound as a
potential commercial drug product. The majority of the drugs included in the portal have
known targets, and the available information on the drugs includes gene-target data. Details
of researchers who have been linked to the protein target and diseases through publications
are accessible using the Foci of Expertise (FoX) tool [52]. This initiative provides
opportunities not only for identifying new drug indications, but also for the use of
combinations of drugs, designed with therapeutic polypharmacology and network-based
logic.

Adverse polypharmacology: Off-target binding and on-target binding in
non-target tissue

As noted, adverse polypharmacology is defined as the negative effects of drugs that bind
multiple targets, such as toxicity or other detrimental physiological effects. For example,
NSAIDs inhibit the COX-1 and COX-2 isoforms, which have differing physiological roles.
While COX-2 inhibition leads to the targeted effect of a reduction in the levels of
prostaglandins that are responsible for pain and inflammation, COX-1 inhibition causes a
reduction in the levels of prostaglandins that protect the lining of the stomach, leading to
stomach pain or ulcers. A more unexpected side effect of an increased risk of heart attack
and stroke was observed with high-dose treatments of the COX-2-specific inhibitor
rofecoxib (Vioxx), resulting in the withdrawal of the drug from the market in 2004 [54]. The
biochemical reasons for these side effects are still not completely understood [55]. Toxicity
or adverse effects can also arise when the drug has an unexpected effect in a tissue other
than the diseased tissue or organ. For example, HER2 inhibitors used to treat metastatic
breast cancer can have cardiac toxicity effects as a result of the inhibition of HER2
expressed in cardiac tissue [56,57].

Many adverse effects are not observed at a significant level until a drug has reached clinical
trials or is on the market and widely used, indicating that the drug may first need to reach an
expanded, genetically diverse population. The field of pharmacogenetics studies the genetic
factors that influence different drug behavior in individuals [58,59]. Screening candidate
drugs for binding against every protein encoded in the human genome is not currently
possible. However, research is underway to build computational tools to predict drug-target
binding and, therefore, predict off-target binding and possible adverse effects [1,60]. A
substantial component of this research involves analyzing patterns in the molecular
structures of drugs with respect to the macromolecules with which the drugs interact. For
example, if a class of drugs binds to the serotonin receptor and the drugs contain a common
structural feature, then that common chemical entity is coded. Unrelated structures are
parsed with these codes to predict the protein targets with which these structures might
interact. A recent study using this method predicted that paroxetine (Paxil) and fluoxetine
(Prozac), both SSRIs, were also β-blockers [61]. The binding of these drugs to the β-
adrenergic receptor was verified, and the researchers speculated that some of the observed
adverse effects of the drugs, such as increased heart rate and sexual dysfunction, could be
attributed to this off-target binding [61]. These methods can also be applied in the prediction
of novel binders to drug targets [1,62].
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Predicting targets of drugs and drug candidates has become particularly important with the
increased focus on kinase inhibitor drugs. The majority of targeted therapies involve kinase
targets, and 13 different kinase inhibitors (both antibody and small-molecule) have been
approved by the FDA for cancer treatment alone, with more inhibitors being pursued in
other therapeutic areas and in clinical trials. Kinases have a common active site, but also
have a large diversity of biological roles. The design of drugs that target the kinase domain
relies heavily on the unique properties of the kinase target that distinguishes each kinase. In
general, kinases with a similar function share the highest degree of sequence similarity, but
there are exceptions in which kinases with high sequence similarity have diverse biological
functions [63]. For example, the MAPK family, which includes the ERK and JNK isoforms,
as well as p38, is responsible for a large diversity of physiological functions, including
mediating cell proliferation and apoptosis [64]. However, the members of this family have
highly related structures (Figure 5). Predictive studies have concluded that kinases with > 40
to 50% primary sequence identity are more likely to follow similar SARs with respect to
small-molecule inhibitors [1]. The fact that kinase inhibitors tend to bind to kinases with
similar structures is therefore not surprising, and inhibiting these kinases may have
significantly diverse physiological implications.

Conclusion
Basic cell biological research continues to delineate the functions of each protein in the
proteome in order to construct the ‘interactome’ (ie, how all cellular components interact),
and to apply this perspective to the mechanisms underlying disease. The greater this
understanding becomes, the greater the need to integrate this knowledge to enhance the
discovery of new drugs. While drug-discovery platforms have progressed toward the
identification of targeted therapies, attrition rates remain high, particularly for the therapies
with novel mechanisms. A systems biology perspective provides an integrated basis for the
understanding of the complex mechanisms of disease and targeted therapy action. The full
integration of systems biology and drug discovery with polypharmacology will enable the
logical design of targeted, combination therapies that are capable of efficiently restoring the
equilibrium of an altered disease state. Methodologies in both fields are being developed
that can aid this process; however, full implementation is still required.
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Figure 1. Biological signaling networks and network representation of genetic mutations in
disease
(A) Biological signaling molecules and the interactions of these molecules are represented in
biological signaling networks as nodes and edges, respectively. (B) In a network
representation, genetic mutations associated with disease are either node removals or edgetic
mutations. Node removals are truncated gene products and edgetic mutations disrupt the
interaction between two nodes. For example, two different disorders, the ectrodactyly–
ectodermal dysplasia–clefting (EEC) and ankyloblepharon-ectodermal dysplasia-clefting
(AEC; Hay-Wells) syndromes are associated with two different edgetic mutations within
one signaling motif that contains the interactions between the transcription factor TP63
(tumor protein 63) and DNA, and between TP63 and sterile α motif (SAM)-domain
interacting proteins [15].
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Figure 2. The analysis of drugs and drug targets
Approved, non-illicit, non-nutraceutical drugs and drug targets were extracted from
DrugBank 2.0, [18,19] on March 23, 2010. The number of unique drug targets was 764, and
the total number of drugs was 1366. The number of drugs for each target (A) and the
number of targets for each drug (B) are shown. A total of 5126 drugs and 1894 drug targets
listed on the Therapeutic Target Database (TTD) [20,21] on March 23, 2010 were
categorized by drug type (C) and drug target type (D), according to whether the drugs were
approved, in clinical trials or in the preclinical phase [21].
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Figure 3. Selected examples of therapeutic polypharmacology
(A) Resistance to β-lactam antibiotics (eg, amoxicillin) is caused by degradation of the drugs
by bacterial β-lactamase. Inhibitors of β-lactamase (eg, clavulanate) prevent the degradation
of the antibiotics, thereby increasing the effectiveness of these drugs. (B) Notch mutations
are associated with cancer. Several drugs have been designed that target γ-secretase, the
enzyme upstream of Notch; however, resistance to these γ-secretase inhibitors (GSIs) can be
caused by mutations in the MYC gene. A combination of drugs that target both Notch and
Myc (through inhibition of CDK4) has been demonstrated to reverse Myc-induced GSI
resistance and effectively treat cancer. (C) The anticancer agent sorafenib is an example of a
drug with multiple targets (eg, Raf and PDGFR/VEGFR) that is used to treat a single disease
(ie, renal or liver cancer).
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Figure 4. The significance therapeutic polypharmacology in designing combination therapy
(A) Many types of cancer involve mutations in, or aberrant expression of, Ras, Raf, PI3K or
receptor tyrosine kinases (RTKs), such as EGFR, HER2, PDGFR and FGFR. Cell
proliferation and survival require both the MAPK and PI3K pathways to be active.
Compensatory mechanisms cause a limited or null response to monotherapies targeted at
different nodes in the RTK signaling network, such as the reduction in the p70S6K/RTK
negative feedback caused by either MEK (B) or PI3K inhibition (C). (D) A combination of
therapies can overcome these compensatory mechanisms and could effectively cause disease
regression.
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Figure 5. A phylogenetic tree of the kinases coded for within the human genome
Kinases are grouped and classified primarily by the sequence of the catalytic domains.
Different groups are color-coded according to this classification [63,74].
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Table 1

Selected systems biology technologies used in drug discovery.

Methodology Description Reference

Genomics and proteomics (eg, SILAC-
MS, phospho-proteomics and reverse-
phase protein microarrays)

Large-scale experimental analysis of signaling molecules. Cells under various
conditions (eg, drug treatment, stress and conditions mimicking disease) are
analyzed for response to treatment compared with untreated control cells. The
expression level and status of phosphorylation and other post-translational
modifications can be monitored.

[8–11,65,66]

Large-scale molecular screening Experimental and computational methods to identify both unknown targets and the
promiscuity of drugs. These analyses can enable further characterization of targets
that are inhibited by the same drugs or, conversely, drugs that inhibit the same
targets.

[1,60,61,67]

Network and computational analyses The identification and understanding of networks that surround a drug target. This
analysis can lead to the identification of a novel drug target in the same pathway or
the identification of mechanisms of drug resistance.

[5,68–70]

shRNA/siRNA screens Silencing one gene at a time and analyzing the effect in cells or in vivo. These
methods can be used to understand the function of a protein or the effect of
inhibiting the protein, as a tool for drug target validation. These studies can lead to
information on the signaling network involved and unforeseen effects of a potential
drug on the signaling network.

[71–73]

shRNA Short hairpin RNA, SILAC-MS stable isotope labeling with amino acids in cell culture-mass spectrometry
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Table 2

Comparison of therapeutic and adverse polypharmacology.

Type of polypharmacology Description Role of systems biology

Therapeutic polypharmacology The treatment of multigenic, complex diseases based
on the analysis of the signaling networks of the
disease state and the systems-level effects of
modulating multiple protein targets with one or more
drug.

Enables drug design based on systems-level
knowledge: involves the modulation of multiple
nodes in one or more regulatory networks.

Adverse polypharmacology The adverse, physiological effect caused by drug
binding to protein targets other than the therapeutic
target or binding to the therapeutic target in non-
target tissue.

Enables an understanding of the adverse event,
including the effects of an interaction with a non-
target regulatory network or signal propagation
within the regulatory network that lead to an
adverse phenotype.
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