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Abstract

Polypharmacology, which focuses on designing therapeutics to target mul-
tiple receptors, has emerged as a new paradigm in drug discovery. Polyphar-
macological effects are an attribute of most, if not all, drug molecules. The
efficacy and toxicity of drugs, whether designed as single- or multitarget ther-
apeutics, result from complex interactions between pharmacodynamic, phar-
macokinetic, genetic, epigenetic, and environmental factors. Ultimately, to
predict a drug response phenotype, it is necessary to understand the change
in information flow through cellular networks resulting from dynamic drug-
target interactions and the impact that this has on the complete biological
system. Although such is a future objective, we review recent progress and
challenges in computational techniques that enable the prediction and anal-
ysis of in vitro and in vivo drug-response phenotypes.
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INTRODUCTION

The molecular mechanisms of action of a large number of preclinical and clinical drugs still remain
elusive. Unexpected drug efficacy, toxicity, and resistance are often observed in treating complex
multigenic diseases such as cardiovascular disease, central nervous system disorders, and cancer, as
well as in anti-infectious drug discovery. In recent years, it has been discovered that multiple on-
target and off-target binding is essential for efficacy and is responsible for the side effects of many
drugs from a wide range of therapeutic areas. For example, both statins (intended target, HMG-
COA reductase) and torcetrapib (intended target, cholesterol ester transfer protein) can lower the
level of LDL cholesterol efficiently by inhibiting, with high affinity, the receptors that are critical
for cholesterol biosynthesis and transport. However, these two drugs produce completely different
clinical endpoints. Whereas statins demonstrate cardiovascular benefits to patients, torcetrapib,
unfortunately, increases the risk of heart disease. Several studies have shown that unintended
off-target binding may contribute to the therapeutic efficacy of statins (1) and the unwanted
side effect of torcetrapib (2). Similarly, although originally designed for specificity, a number
of different protein kinase inhibitors mediate their anticancer effects through the modulation
of several different targets synergistically (3, 4). Besides protein kinase inhibitors, antipsychotic
drugs, such as clozapine, mediate their effects through binding entire families of serotonin and
dopamine receptors. In fact, it has been proposed that the clinical failures of many antipsychotic
drugs can be attributed to their being too selective in nature (3). It has recently been revealed
that the anticancer drug lenalidomide inhibits angiogenesis and metastasis through disrupting
the association of adherens junction proteins such as cadherin 5, β-catenin, and CD31, and by
inhibiting the VEGF-induced PI3K-Akt signaling pathway (5). Several successful multitarget
anti-infective therapeutics have also been discovered serendipitously (6).

The efficacy of multitarget therapy is supported by observations concerning the robustness
and resilience of complex biological systems. Indeed, when faced with a drug-induced node failure
in the cell, a disease network may be able to resort to systems robustness to ensure its survival.
This robustness results from either the inherent diversity of genetics and signaling pathways or
the resilient architecture of the complete cellular system (7). Because compensatory signaling
pathways that bypass the inhibition of individual proteins frequently exist, it is often necessary to
modulate several nodes simultaneously to affect the disease phenotype. Furthermore, large-scale
functional genomics studies in model organisms have shown that the vast majority of single-gene
knockouts exhibit little or no effect on phenotype (4). The concept of synthetic lethality—genes
that are essential, not individually, but in combination—uncovers a whole new plethora of drug
targets that may have been overlooked owing to their nonessentiality in individual-gene knockout
studies (8). Moreover, dynamic system control of multiple drug-target interactions plays a key
role in mediating therapeutic efficacy, side effects, and resistance to drug molecules. For example,
it has been proposed that the efficiency of receptor tyrosine kinase inhibitors requires combined
inhibition of the MAPK and PI3K pathways because the cross talk between PI3K and tyrosine
kinase may contribute to clinical resistance of tyrosine kinase inhibitors. Furthermore, there exists
a negative feedback loop between the PI3K and mTOR pathways (9). Indeed, the inhibition
of mTOR increases the activation of PI3K, thus reducing the antiproliferative effect of mTOR
inhibitors. In another example, the serious cardiovascular side effects of selective cyclooxygenase-2
inhibitors may result from the unbalanced production of prostacyclin and thromboxane A2 in the
disease state, prompting platelet-dependent thrombosis (10).

The serendipitous discovery of the multitarget effects of drug action and the theoretical
consideration of biological network properties have prompted efforts to assess a new polyphar-
macological paradigm in drug discovery (4). In contrast to designing selective ligands to target
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individual proteins, polypharmacology focuses on searching for multitarget drugs to perturb
disease-associated networks. The immediate question to address is how we can select the correct
combination of therapeutic targets and rationally design polypharmacological drugs. Although
most current efforts focus on the targeted polypharmacology of selected pathways or gene
families (9), we argue that the polypharmacological drug phenotype response can be defined and
predicted only on the basis of the quantitative and systematic analysis of drug-protein interactions
on a proteome-wide scale. For this purpose, novel computational tools are needed to model
drug actions on a multiscale, from the atomic details of drug-target interactions to the dynamic
behavior of single cells, specific tissues, and whole organisms. In this review, we first discuss the
nature of proteome-wide polypharmacology, and then highlight recent computational endeavors
that facilitate multiscale modeling of polypharmacology on a proteome-wide scale.

THE NATURE OF POLYPHARMACOLOGICAL EFFECTS

Proteome-Wide Drug-Target Interactions Are not Rare but Common

The serendipitously discovered multitarget drug interactions mentioned in the introduction may
be more than a coincidence. A number of recent studies have revealed that protein and ligand
promiscuity is a phenomenon much more common than previously thought. Yildirim et al. (11)
applied network analysis to drugs and their targets by integrating publicly available drug data.
Their resulting network of polypharmacological interactions was dense in nature and revealed
not only that a single target can often bind multiple drugs, but also that it is far more common
than expected for a single drug to modulate several different molecular targets, which may be
involved in multiple diseases. Similarly, Paolini et al. (12) discovered that approximately 35%
of their database of 276,122 active compounds had observed activity for more than one target.
Although the majority of these promiscuous compounds were active against targets within the
same gene family, a significant proportion (approximately one-quarter) had demonstrable activity
across different gene families. In fact, it has been estimated that, on average, each drug can bind
to approximately six receptors (13).

Although most multitarget drug effects are identified from pharmaceutically investigated tar-
gets, it is likely that drugs can bind to multiple receptors on a proteome-wide scale, including
proteins that are less functionally characterized (14). The promiscuity of drug-target interactions
is rooted in the underlying promiscuity of protein function (15). Protein-functional promiscuity
plays a critical role in the evolution and survival of organisms. Such promiscuity may be found in
either a single member of the family or the complete family, and it arises from changed intracel-
lular (e.g., differential expression, substrate concentration) and environmental (e.g., temperature,
pH) conditions as well as through the adoption of a wide spectrum of mechanisms (15). Moreover,
many endogenous ligands such as nucleotides are highly promiscuous (16). Recently, an unbiased
and systematic analysis of in vivo metabolite-protein interactions discovered the unexpected bind-
ing of sterols to protein kinases and the interaction of pentaporphyrin with ergosterol biosynthesis
proteins (17). Hydrophobic metabolites are thought to bind to more than 1,200 soluble proteins
in yeast (17). Metabolite-protein interactions are undoubtedly more extensive in humans. Because
successful drug molecules are likely to share chemical structural similarities with metabolites (18),
multitarget drug effects are expected to extend beyond characterized drug targets.

At the level of the organism, the phenotypic response to a drug perturbation is a consequence
of complex interactions between multiple intracellular and extracellular components. Besides the
drug binding directly to multiple targets involved in drug actions, interactions include both spe-
cific and promiscuous binding to other proteins responsible for pharmacokinetics (transporters,
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drug-metabolizing enzymes, etc.), as well as genetic, epigenetic, and environmental factors. Trans-
port proteins play a critical role in drug development. Defining drug action requires a detailed un-
derstanding of how drugs specifically interact with and regulate various transport protein subtypes
(19). Likewise, drug-metabolizing enzymes contribute significantly to the effective concentration
and lifetime of the active form of the drug molecule. Drug-binding selectivity of well-known drug-
metabolizing enzymes such as the cytochrome P450 (CYP) family has been the subject of extensive
study (20). However, a large number of drug-metabolizing enzymes that affect the efficacy and
safety of drugs remain unknown. For example, only in the past year was paraoxonase 1 identified as
a key determinant in the variable efficacy of the antiplatelet drug clopidogrel (21). In addition, the
effect of drugs can be altered through their binding to proteins that regulate the expression of trans-
porters or drug-metabolizing enzymes. For example, various drugs act as agonists or antagonists
of nuclear receptors that up- or downregulate the expression of different CYP subtypes. A diverse
set of molecules can enhance the expression of multidrug-resistance pumps (22–24). However,
in many cases, the molecular targets of regulatory networks are still unclear. Besides regulating
multidrug-resistance proteins, off-target binding can be directly responsible for drug resistance
(25). Furthermore, the phenotypic response of a drug depends on the state of the multivariate
cellular network, which, in turn, is a function of genetic, epigenetic, and environmental variation.
Although progress in pharmacogenetics and pharmacogenomics has linked an increasing number
of genetic variations to individual drug responses (26), many genetic risk factors are off the radar. A
recent discovery demonstrated the complexity of drug action under the influence of genetic vari-
ation. A selective RAF inhibitor that blocks the RAS-RAF-MEK-ERK signaling pathway activates
the same pathway for mutant RAS (27–29), thereby turning an anticancer therapy into a carcinogen.

Besides intracellular factors, cell-cell communication plays an important role in the develop-
ment of tumors and other diseases. For example, two cells—one of which harbors an oncogene, the
other a loss-of-function mutation in a tumor suppressor gene—can cooperate to activate tumori-
genesis (30). Variations in drug response also result from cell-to-cell variability with either genetic
or nongenetic origins (31). Microenvironment also has a significant impact on drug phenotype
response (32). It is well known that the in vitro potency of a drug may be dramatically different
from its in vivo activity (33). Moreover, a drug may cause different responses in a disease versus
a normal state. For example, the side effect of selective COX-2 inhibitors is more severe in the
inflammation state than in the healthy state.

In summary, to define and predict a drug response, it is essential to identify drug-target interac-
tions on a proteome-wide scale, including the molecular components involved in both pharmaco-
dynamics and pharmacokinetics. In addition, it is necessary to account for genetic and epigenetic
variations, cell-to-cell communication, cell-to-cell variability, and other environmental factors.
Stated another way, we believe the future of successful drug discovery lies in a systems-based
approach whereby we identify the cellular connectivity that links all of these aforementioned
components, and where we can simulate the dynamic behavior upon drug perturbation for a given
cellular state.

Multiple Weak Interactions Cannot be Ignored
in Polypharmacological Actions

For the past two decades, the paradigm of drug discovery has been to develop highly selective
ligands that interact with individual target proteins with high binding affinity. However, a highly
potent lead compound usually yields a drug candidate with high molecular weight, which is often
linked to a higher risk of failure during drug development (34). It has now been accepted that
an optimal lead should balance binding potency and molecular size (35). Analysis of the binding
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affinities of marketed drugs and natural products indicates that therapeutic efficacy is not necessar-
ily associated with high binding affinity (34, 36). The lack of correlation between binding affinity
and efficacy is well illustrated by the failure of sorafenib in treating melanoma, a type of skin
cancer. Sorafenib was developed as a potent nanomolar inhibitor of BRAF, a protein implicated
in the survival of melanoma cells. Disappointingly, the drug failed during clinical trials owing to
its low antimelanoma efficacy. In contrast, the moderate micromolar RAF inhibitor PLX4720 is a
potent inhibitor of downstream signaling and proliferation in cells harboring BRAF; as such, it is
active in treating melanoma cell lines (see Reference 37 and references cited therein).

At the molecular level, it is estimated that more than 80% of the interactions in cellular net-
works are weak (38). Weak interactions play critical roles in molecular recognition in biological
systems, from the classic example of protein folding to recent discoveries in metabolism, gene
regulation, and signal transduction. There exist “underground” metabolic reactions that use en-
dogenous metabolites as alternative substrates (39). The binding affinity between the enzyme and
the alternative substrate is usually low. In the normal state, underground metabolism may have
little impact on the phenotype. However, genetic or drug perturbation can generate or boost
underground metabolic reactions, leading to complex phenotypic changes. An example of genetic
perturbation is the on/off switch of transcription and epigenetic modification that starts from a
long-range all-or-none conformational change in DNA, induced by regulatory protein binding.
For example, weak protein-DNA interactions cause the large-scale, all-or-none conformational
switch, whereas strong interactions lead to a gradual conformational change in DNA (40). Analysis
of data from ChIP-chip experiments indicates that low-affinity protein-DNA binding is common
in yeast (41). A highly accurate computational model of the expression patterns in Drosophila de-
velopment suggests that weak DNA binding is as important as strong DNA binding. Cooperative
weak binding is necessary to regulate accurately and robustly temporal and spatial expression (42).
More recently, analysis of genome-scale DNA-binding sites suggested that nearly half of all tran-
scriptional factors possess secondary low-affinity DNA-binding sites. DNA-binding specificity of
transcriptional factors may arise from their differing preferences toward low-affinity sites (43).
Weak binding is extensive in protein-protein interactions. For example, a small molecular drug
with moderate micromolar-binding affinity to a protein-protein interface may cause observed
phenotypic changes (44). The substrate specificity of phosphatases has been determined by the
combination of several low-affinity docking interactions (45). Furthermore, weak protein-protein
interactions play key roles in regulating integrin signal transduction (46). Micromolar, and even
millimolar, binding has also been observed in the transient protein-protein interactions of in-
trinsically disordered proteins, which are often associated with abnormal cellular regulation and
signaling (47).

From the point of view of biological networks, collective weak interactions may have more
profound effects on biological systems than a single, strong interaction (48). Weak interactions
contribute toward the robustness and diversity of biological networks (49). However, a robust
network is fragile to the malfunction of multiple nodes, a phenomenon known as “fail-on” failure
(7). Such fail-on failure has been observed in many disease states, such as neurological disorders
(50) and cancer (51, 52), where subtle but multiple genetic variations cause significant phenotypic
changes. Although their interactions are seemingly minor, micronutrients may have a significant
impact on disease progression (53). It has been suggested that multigenic diseases should be
treated through the multiple intervention of abnormal components to restore a normal state,
rather than knocking out only one or two components (54). Indeed, low-affinity, multitarget
noncompetitive NMDA receptor antagonists, which were developed for the treatment of
Alzheimer’s disease, may have fewer side effects than do high-affinity, single-target drugs (55,
56). In a bistable cellular process regulated by a ligand, switch-like activation can result from

www.annualreviews.org • Computational Polypharmacology 365

A
nn

u.
 R

ev
. P

ha
rm

ac
ol

. T
ox

ic
ol

. 2
01

2.
52

:3
61

-3
79

. D
ow

nl
oa

de
d 

fr
om

 w
w

w
.a

nn
ua

lr
ev

ie
w

s.
or

g
by

 C
en

tr
al

 C
ol

le
ge

 o
n 

01
/2

4/
12

. F
or

 p
er

so
na

l u
se

 o
nl

y.



PA52CH18-Bourne ARI 4 December 2011 10:16

cooperative low-affinity binding (57). The transition threshold can be tuned by intracellular
signaling in response to environmental cues. For example, the GSK-3β inhibitor 7AIPM can
modulate the progesterone threshold for the maturation of amphibian oocytes (58). In another
study, increasing the activation threshold of the Wnt pathway reduced the chance of embryonic
abnormalities and diseases in mouse models (59). In addition to targeting disease genes, efficient
therapeutics may, thus, be designed to regulate the threshold of biological networks (59).

Moreover, drug-target interactions in vivo are different from those in vitro. In target or cell-
based assays, the concentrations of both drug and target are fixed, and binding affinity is measured
by thermodynamic equilibrium constants such as IC50 values, which reflect binding potency.
However, in a living organism, the concentration of the drug, the target, and the endogenous
ligand of the target constantly changes with time, rarely reaching equilibrium. Thus, the drug-
binding affinity is not an appropriate indicator of drug efficacy in vivo (36). An increasing body of
evidence suggests that the drug-target residence time correlates with drug efficacy more strongly
than with binding affinity (60, 61). For example, efavirenz, a highly active therapy for the treatment
of HIV type 1 infection, has a long residence time of 4.1 h (62). Lu et al. (63) observed a strong
correlation between drug-target residence time and drug efficacy in vivo. Although high-affinity
binders usually exhibit a long residence time, binding affinity is not necessarily correlated with
residence time.

Because most molecular interactions in cellular networks are weak, low-affinity polypharma-
cological agents may significantly modify the system. Thus, it is time to reconsider the role of
low-affinity binding events in polypharmacology. To investigate quantitatively both high- and
low-affinity binding on a proteome-wide scale, new computational methods are needed to ac-
curately and efficiently calculate free-energy landscapes in the association and dissociation of
protein-ligand complexes. Moreover, translating drug-binding events in vitro to drug phenotypic
responses in vivo remains a challenge. The proteome-scale modeling of multiple target interven-
tions of context-specific biological networks may begin to fill this gap.

Quantitative, Proteome-Wide, and Multiscale
Modeling of Polypharmacology

The process of defining and predicting polypharmacological effects requires a quantitative under-
standing of the structure and function of a protein, as well as an understanding of the protein’s
interaction with small molecules in the context of biological networks (Figure 1). In an ideal sit-
uation, modeling starts with characterization of the thermodynamics and kinetics of protein-drug
interactions at the atomic level, followed by determination of the conformational and chemical
states of proteins upon drug binding through allosteric or orthosteric interactions. Molecular dy-
namics simulation is one of the most powerful tools used for this purpose. Whenever possible, such
atomic-level dynamic analyses should be extended to a proteome-wide scale. Bioinformatics and
chemoinformatics analysis may help to narrow down the candidates for computationally inten-
sive, molecular dynamics simulations, or to explore the solution space when the three-dimensional
(3D) protein structure is not available. Eventually, the physiological or pathological consequences
of protein conformational changes upon drug binding should be not only mapped to biological
pathways, but also integrated into cellular or tissue-specific networks. The multivariable state
of biological networks could be simulated either stoichiometrically using constraint-based mod-
eling or dynamically using mass-action modeling. Network reconstruction and static analysis
would provide a solid foundation for dynamic analysis through the identification of cellular cir-
cuits. Over the past few years, these fields have developed independently. However, to explore
new frontiers in polypharmacology, it is necessary to integrate these disjointed computational
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Molecule Cell 

Static

analysis

Reconstruction of
proteome-wide
drug-target network: 
Chemoinformatics,
molecular modeling,
sequence/structure
analysis, etc. 

Inference of cellular connectivity and
functional modules that link drug-target
interactions to phenotypes: 

Omics data integration,
phenotype data (e.g., transcription profile)
analysis, network biology, etc. 

Characterization of
energy landscape of
molecular interactions: 

All-atom molecular
dynamics simulation, etc. 

Multiscale modeling of drug-induced
phenotypes under specific genetic
conditions and microenvironments:

Deterministic and stochastic kinetic modeling,
stoichiometric modeling, discrete logic modeling, etc. 

Tissue/organism 

System

simulation

Figure 1
The definition of polypharmacological effects requires multiscale modeling from the atomic details of molecular interactions to
dynamic modeling at the level of the organism. The listed computational techniques are the focus of this paper.

techniques into a unified framework. In the remainder of this review, we focus on four computa-
tional areas that are critical to polypharmacology: the proteome-wide prediction of drug-target
interactions, the quantitative modeling of protein-ligand interactions, the integrated analysis of bi-
ological networks, and the dynamic and stoichiometric simulation of biological networks. Related
software and Web servers are listed in Supplemental Table 1 (for all Supplemental Material,
including Sections 1–3, Table 1, and associated terms and references, follow the respective link
from the Annual Reviews home page at http://www.annualreviews.org). Covered elsewhere
are several important topics such as the chemical aspects of polypharmacological drug design
(3, 64, 65) and combination therapies (66, 67).

TOWARD A PROTEOME-WIDE DRUG-TARGET NETWORK

Overview

The majority of existing work focusing on the prediction of binary drug-drug associations begins
with defined signatures of drug molecules (Figure 2). The molecular signature could be a topo-
logical fingerprint of the chemical compound, or it could be derived from phenotypic responses
such as gene expression profiles. The molecular signature allows for the use of statistical analyses,
including clustering and classification, to quantify the similarity between drugs. If two drugs share
similar structures or phenotypes, then their targets may be related. The relationship between
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Protein
target 

Chemical
compound

Phenotype

Molecular
signature

Ti
Tj

0 1 0 1 …

Sequence, structure, and

ligand binding site similarity 

Molecular signature similarity 

?

1 0 1 0 0 …1

Di Dj

Pi Pj

Figure 2
Molecular signatures of drugs can be derived mathematically from their chemical structures or their
phenotypic responses. Similarity between molecular signatures implies similarity between drug modes of
action. If Drug i (Di) is known to interact with Target i (Ti), and the signature of Drug j (Dj) is similar to
that of Di, it can be inferred that Dj binds to Ti. Drug-target pairs can be related by comparing targets
directly on the basis of similarity between sequence, structure, or ligand binding site: Depicted here are the
known drug-target interactions ( green solid arrows), predicted drug-target interactions ( green solid arrows with
question mark), mathematically derived relationships (blue dashed arrows), and experimentally determined
properties ( green dashed arrows).

two targets can be inferred directly using a bioinformatics approach. If two proteins have similar
molecular functions, they have the propensity to bind similar ligands. Computational strategies
for predicting drug-target associations can, thus, be roughly classified as ligand, phenotype, or tar-
get based. The mathematical and computational formulization of these methods is fundamentally
similar. The challenge lies in addressing domain-specific issues.

Ligand-Based Prediction of Drug-Drug and Drug-Target
Interaction Networks

The hypothesis underlying ligand-based methods states that two ligands with similar chemi-
cal structures may exhibit similar bioactivity. Although this hypothesis does not always hold (68),
there has been a long history of using small-molecule similarity to establish quantitative structure-
activity relationships and virtual screening in drug discovery (69). Small molecules are usually rep-
resented as two-dimensional (2D) topological fingerprints encoding atom types and their bond
connectivity. Molecular fingerprints can then be used as feature vectors to compare (e.g., using
the Tanimoto coefficient) and cluster molecules, or to train statistical regression or classifica-
tion models. Self-organizing maps, an unsupervised-machine learning technique, has been used
to cluster drug molecules (70). Nidhi et al. (71) trained a Bayesian model to classify chemical
compounds on the basis of their targets. A notable recent advance in relating proteins by their
ligand similarity was the development of the similarity ensemble approach (SEA) (72). Based on
an empirical extreme value distribution model, the SEA normalizes the sum of similarity scores
between two sets of ligands known to bind to their targets. Several predictions by the SEA have
been experimentally confirmed (72, 73). Despite the success of the topological representation of
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Pharmacophore:
a description of the
spatial and other
properties of
molecules that are
essential for their
biological activity

small molecules, it has been argued that more informative molecular descriptors that are able to
capture the essential features of protein-ligand interactions are required (74). Considerable efforts
have been made to develop 3D representations of molecules (75–79). Pharmacophore models (80),
inferred from active compounds or the structure of protein-ligand complexes, could be used to
predict off-targets (81). The success of generalized 3D shape descriptors in predicting drug-target
interactions remains to be seen.

Phenotype-Based Prediction of Drug-Drug and Drug-Target
Association Networks

Drugs and their targets can be related by their phenotypic responses, such as gene expression
profiles (82, 83), although similar drug phenotypic responses are not always associated with similar
drug actions (84). Several reviews have comprehensively assessed the recent advances in applying
chemical genomics to establish drug-target relationships (85). One of the central computational
challenges in using genomics- and proteomics-based studies to generate molecular signatures is
to separate molecular targets and essential genes or protein markers from the noise resulting from
cell variations, dosages, and other effects. Once a robust molecular signature is derived, a wide
spectrum of computational techniques such as machine learning, statistical analysis, and network
analysis can be applied. Iorio et al. (86) developed an automatic and robust method to rank up-
and downregulated genes from drug-response transcriptional-profile data. Using this approach,
they predicted and confirmed that the Rho-kinase inhibitor fasudil demonstrated strong activities
in cellular autophagy (87). Iskar et al. (88) developed a pipeline to filter and normalize drug-
response gene expression profiles. The robust assessment of gene expression profiles allowed
them to identify target expression changes resulting from drug perturbation. The drug-induced
gene expression profile can be directly compared with the gene expression profile from a disease
state to reveal disease mechanisms. This strategy was applied to identify the mTOR inhibitor
rapamycin as a modulator of glucocorticoid resistance in acute lymphoblastic leukemia (89), to
construct a global drug-disease network for the inference of drug mechanisms (90), and to identify
common disease modules and pluripotent targets (91).

Low-dimensional phenotypic information such as cell imaging and side effects can be repre-
sented as a high-dimensional molecular signature. For example, Young et al. (92) developed a
factor analysis technique to profile chemical compounds from image-based cellular phenotypic
screening. Campillos et al. (93) used English terms related to drug side effects as a molecular
signature to associate a drug with its unknown targets using text mining. Using PubChem bioas-
say data, Chen et al. (94) constructed a bioassay network that was then mapped to a drug-target
network, a protein-protein interaction network, and biological pathways through similar nodes
or edges to identify compound-specific profiles and biologically important target pairs. Recent
advances in RNAi technology have introduced a simple, yet powerful, approach to investigate the
cellular mechanisms of drug action in higher organisms (95). Similar computational techniques
developed for chemical genomics and gene expression data analysis can be applied to RNAi-based
drug screening. It is expected that additional novel, drug-target, pathway-disease associations will
arise from future phenotype screening experiments.

Target-Based Prediction of Drug-Drug and Drug-Target
Association Networks

The structural, functional, and evolutionary relationships between proteins provide a natural con-
straint to reduce the complexity of drug-target association predictions given that proteins and
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ligands may have coevolved (96, 97). Thus, protein promiscuity in ligand binding can be in-
ferred from the divergent or convergent evolutionary relationships between proteins by detecting
sequence and structure homologs (98, 99). Recently, Chikina et al. (100) showed that the combi-
nation of gene expression data and sequence similarity information can improve the prediction of
functional homology. Melvin et al. (101) introduced a semantic embedding approach to detect re-
mote evolutionary relationships by exploring the global sequence and structure space of proteins.
Several recent publications have combined sequence features of the receptor with the fingerprint
of the ligand to train models based on statistical machine learning to predict drug-target interac-
tions (102–105). Unlike sequence comparison, in which statistical models have been developed to
rigorously evaluate similarity, there is no practical mathematical framework for protein structure
comparison. To address this problem, Poleksic (106) formulized an algorithm that guarantees op-
timal rigid superposition between protein structures. Liu et al. (107) proposed the use of geodesic
distance to rigorously model flexible structure comparisons. Consolidation of these efforts may
improve the detection of drug-target associations from protein sequences and structures.

Ligand binding site comparison that is independent of sequence order may detect more drug-
target associations than sequence and structure similarity alone because protein cross-reactivity
occurs beyond sequence and structure homologs (15). It has recently become a subject of tremen-
dous interest to develop 3D ligand binding site characterization and analysis algorithms (99, 108,
109). The ligand binding site can be represented as a one-dimensional (1D) fingerprint of atomic
spatial distributions (110), a 2D graph in which atoms or residues in the structure are nodes and
their spatial relationships are encoded as edges (111), or a cloud of atoms or residues in 3D space
(112). Although many algorithms developed for 1D vector, 2D graph, or 3D object analysis can
be utilized for sequence-order-independent ligand binding site comparison, several challenges re-
main for protein structures. First, because proteins are intrinsically flexible, the algorithm should
be robust to conformational changes in the binding site, yet sensitive to different interaction
patterns that contribute toward binding specificity (113). Second, if the algorithm is to be ap-
plied on a proteome-wide scale, it should be tolerant to the uncertainty in homology models.
Finally, most existing work focuses on small-molecule binding pockets or catalytic active sites.
It will be interesting to extend binding site comparison to protein-protein interaction interfaces,
antibody-antigen recognition surfaces, and other irregular protein functional sites (114), as they
contribute to less-characterized polypharmacology effects yet can play important roles in drug
discovery, antibody design, and synthetic biology. Although several recent efforts have explored
these less-characterized binding sites (115–118), much more work remains to be done.

Data Integration and Knowledge Discovery

Literature and patent searches are straightforward ways to mine information for protein-ligand
interactions. Several public databases focusing on drug-target relationships have been developed
to annotate drug-target interactions. DrugBank (119), Therapeutic Target Database (120),
SuperTarget, and Matador (121) mine the literature and collect experimental data that are related
to drug-target interactions. BindingDB (122), ChEMBL (https://www.ebi.ac.uk/chembldb),
and PDSP Ki (http://pdsp.med.unc.edu/) are valuable resources that contain binding-affinity
data. The PubChem Bioassay database (123) is one of the largest publicly available repositories
of bioactivity data. ChemBank (124) is another public resource of small-molecule screens.
PharmGKB collects and disseminates pharmacogenomics data and knowledge (125). A number
of Web portals have been developed to integrate multiple drug-target databases. STITCH (126)
is a public tool that integrates experimental data, databases, text mining, and homology to infer
protein-ligand relationships. PROMISCUOUS (127) accumulates 25,000 drug molecules and
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annotates 21,050 drug-target and 104,000 protein-protein associations. ChemProt (128) inte-
grates ChEMBL, WOMBAT & WOMBAT-PK, DrugBank, PubChem, PDSP Ki, BindingDB,
PharmGKB, CTD, and STITCH. It includes more than 700,000 chemicals with bioactivities,
30,578 protein targets, and more than 2 million interactions.

Gene expression profiles are considered as one of the most general signatures of drug activity
because no information about the compound is required a priori. The development of the Connec-
tivity Map (CMAP) database for drug-response gene expression (82, 83) and rich expression data
from other model systems makes gene expression profile analysis a powerful tool for predicting
drug modes of action. However, CMAP is based on a limited number of cell lines and does not
provide information about drug-response phenotypes at the level of the tissue and the organism.
A notable effort is the use of semantic Web techniques and ontologies to integrate multiple do-
main knowledge and heterogeneous databases, thereby linking drugs to genes, targets, pathways,
and disease phenotypes. Such efforts may facilitate knowledge discovery for polypharmacology
(129, 130).

In spite of these advances, proteome-wide drug-target binding networks are a long way from
realization. Each of the computational techniques discussed in this section has its own limitations
in terms of both predictive power and target coverage. It is important to integrate ligand- and
phenotype-based approaches with target-based methodologies, as they are complementary in
nature (99). In addition, most existing drug-target databases not only cover limited and biased
target space, but also lack the capability to support quantitative data analysis. Finally, although
proteomics has generated an increasing amount of information in proteome-wide protein-ligand
interactions, there is no central repository or mechanism to store, disseminate, and mine weak
protein-ligand interaction data and to integrate it with other resources.

OVERVIEW OF OTHER COMPUTATIONAL TECHNIQUES

Owing to limited space, other critical computational techniques for studying polypharmacology—
e.g., quantitative modeling of protein-ligand interactions (Supplemental Section 1), statistical
and network analysis to link disease- and drug-associated genotypes to phenotypes (Supplemental
Section 2), and dynamic and stoichiometric simulation of phenotypic changes upon genetic and
drug perturbation (Supplemental Section 3)—cannot be extensively discussed in this review.
Below, we provide a brief overview of these techniques.

Quantitative Modeling of Protein-Ligand Interactions

The binary relationship of protein-ligand interactions is not sufficient to infer the phenotypic
changes resulting from drug perturbation, because the affinity and specificity of ligand binding are
critical to correlate molecular interactions with clinical outcomes. As discussed previously, multiple
weak bindings may have a more profound impact on the biological system than a single strong
binding. Moreover, the drug response in signal transduction and gene-regulation networks may
depend on the relative fold change in drug concentration of the simulation, rather than the absolute
concentration (131). For example, the dose response to a drug concentration of 10 nM relative to
1 nM may be the same response as that from 5 nM to 50 nM, but different from 5 nM to 10 nM.
Thus, it is necessary to simulate both dynamically and quantitatively the drug-target complex
formation in vivo. As a result of next-generation sequencing, personalized medicine is becoming
a realistic possibility. Drug efficacy and side effects may strongly depend on individual genetic
disposition, as already shown, for example, in warfarin treatment (132). If a nonsynonymous single-
nucleotide polymorphism occurs in the ligand binding site or allosteric site, the change in drug
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response may result from the variation in drug-target or drug–off-target interactions. Thus, the
computational challenge is to accurately and efficiently characterize the change in the free-energy
landscape of binding and folding resulting from a single residue mutation. Quantitative structure-
activity relationships, protein-ligand docking, and all-atom molecular dynamics simulation are
several important techniques to quantitatively assess protein-ligand interactions. Recent advances
in algorithm development and tremendous improvement in computer power make them powerful
tools in polypharmacology. More details are given in Supplemental Section 1.

Statistical and Network Analysis to Link Disease- and
Drug-Associated Genotypes to Phenotypes

Revealing causal relationships between genotypes and phenotypes is critical to polypharmacol-
ogy. Not only are disease-associated genes potential drug targets, but the mode of action of drugs
also depends on multiple genetic factors. Advances in next-generation sequencing, proteomics,
chemical genomics, and functional genomics have generated abundant genotypic and phenotypic
data from genome-wide association studies as well as genome-scale chemical perturbation screens.
Parallel to the development of new genotyping and phenotyping techniques, a number of novel
computational tools have been developed to integrate and analyze genetic, transcriptomic, pro-
teomic, and interactomic data. Such research provides unprecedented opportunities for studying
polypharmacology. It is now possible to reveal potential drug targets, genetic and epigenetic fac-
tors, and their associated interaction networks, all of which impact our understanding not only of
possible drug therapies, but also of side effects.

As discussed in the previous section, there are two types of phenotypes from genome-wide
screening: a high-dimensional intermediate phenotype such as a gene expression profile, and a
low-dimensional endpoint phenotype such as a side effect or cell-growth rate. An intermediate
phenotype can be treated either as a molecular signature of the drug or genetic perturbation, or
as a feature vector in the language of machine learning. An endpoint phenotype can be considered
as the label of the molecular signature. The computational task is to establish correlations and
causal relationships between genetic markers, intermediate phenotypes, and endpoint phenotypes
(for a see review, see Reference 133 and references cited therein). For example, Chen et al. (134)
developed the CAMELOT (causal modeling expression linkage for complex traits) algorithm that
uses both genetic markers and gene expression data to show causal relationships with phenotype as
features to predict drug resistance in yeast. Two areas that are of importance to polypharmacology
are the prediction and analysis of genetic interactions as well as the identification of functional
modules related to drug actions (see Supplemental Section 2).

Dynamic and Stoichiometric Simulation of Phenotypic
Changes Upon Genetic and Drug Perturbation

Cellular processes can be modeled as an integrated biochemical reaction network, which consists
of gene regulatory, signaling transduction, and metabolism modules. The reactions in these
network modules span different timescales. For example, most signal cascades and metabolic
reactions take a matter of seconds, whereas regulatory events occur within minutes to hours.
Traditionally, the dynamic characteristics of these modules were investigated independently.
Regulatory networks are mainly studied using discrete logical modeling, ordinary differential
equations, piecewise-linear differential equations, or stochastic modeling. Signal transduction
networks are typically investigated using discrete logical modeling and stochastic optimization
coupled with ordinary differential equations. Computational techniques for metabolic networks
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range from classic enzyme kinetics for well-characterized pathways, to constraint-based modeling
such as flux balance analysis for genome-scale networks. A dynamic model of a biological network
consists of three main components: inputs, outputs, and network structures that include a defined
cellular wiring diagram and dynamic parameters (the initial concentration of species and reaction
rates). In the context of polypharmacology, there are three basic questions: What is the phenotypic
response (network output) given the input and network structure? What is the optimal drug inter-
vention (network input) given the desirable output and network structure? What is the network
structure given defined inputs and observed outputs? A wide array of computational techniques
has been developed to address these questions, as discussed in Supplemental Section 3.

CONCLUSIONS

Identifying a single disease-causing gene as a drug target, along with screening high-affinity chem-
ical compounds against that single target, has been the core of drug discovery for the past decade.
However, this reductionist view of drug modes of action will be less fruitful in tackling most
diseases given the common phenomenon of the multitarget interactions of drugs as well as the
stochastic and multivariable nature of biological systems. Drug efficacy, toxicity, and resistance
can be rationalized only by taking into account proteome-wide drug-target interactions and their
collective effects in the context of biological networks. Pharmacology is traditionally studied at the
organism level with a renewed interest in phenotype-based screening. Although the potential ther-
apeutic and side effects of drugs can be observed in phenotypic screening, drug responses in vitro
or in model organisms may not be directly related to those in humans. Moreover, the molecular
mechanisms of drug actions may not be identified from phenotypic screening in a straightforward
manner. Efficient and effective in silico approaches to polypharmacology, which enable an un-
derstanding of the information flow of dynamic interactions in cellular processes upon drug and
genetic perturbations, may leverage investment in target-based and phenotype-based screening
campaigns, thereby bridging the reductionist view of modern molecular biology and the holistic
view of in vivo pharmacology. Although recent progress in both computational and experimental
techniques has greatly enriched our knowledge of protein-ligand interactions in the context of
biological systems, no single technique is sufficient to uncover the whole spectrum of drug-target
interactions on either a proteome-wide or multiscale level. New methodologies are required to
integrate diverse tools from chemoinformatics, bioinformatics, molecular modeling, and systems
biology (135–137) as well as heterogeneous omics data (138–141). The ultimate goal is to predict
the polypharmacological effects of drug molecules at the level of the organism.

SUMMARY POINTS

1. Multitarget interactions of drugs are not rare but common. To define and predict
drug phenotypic responses, it is necessary to investigate drug-target interactions on a
proteome-wide scale.

2. Multiple weak interactions, as opposed to a single strong binding, may play critical roles
in drug action. It is important to develop efficient and accurate computational techniques
to explore the energy landscape of protein-ligand binding and unbinding events.

3. A drug response is a consequence of complex interactions between multiple intracellular
and environmental components. Network analysis and multiscale simulation are key to
revealing systems behavior at the level of the cell, tissue, and organism.
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FUTURE ISSUES

1. Techniques that reconcile microscopic molecular interactions with the macroscopic dy-
namic behavior of complete biological systems need to be developed.

2. Methodologies that correlate drug response phenotypes in vitro to those in vivo also
need to be developed.

3. Data and knowledge discovery must be integrated to link drugs to targets, genes, path-
ways, and phenotypes.
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