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The discovery of novel bioactive molecules advances our systems-level understanding of biological
processes and is crucial for innovation in drug development. For this purpose, the emerging field of
chemical genomics is currently focused on accumulating large assay data sets describing
compound-protein interactions (CPIs). Although new target proteins for known drugs have
recently been identified through mining of CPI databases, using these resources to identify novel
ligands remains unexplored. Herein, we demonstrate that machine learning of multiple CPIs can not
only assess drug polypharmacology but can also efficiently identify novel bioactive scaffold-hopping
compounds. Through a machine-learning technique that uses multiple CPIs, we have successfully
identified novel lead compounds for two pharmaceutically important protein families, G-protein-
coupled receptors and protein kinases. These novel compounds were not identified by existing
computational ligand-screening methods in comparative studies. The results of this study indicate
that data derived from chemical genomics can be highly useful for exploring chemical space, and
this systems biology perspective could accelerate drug discovery processes.
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Introduction

Experimental perturbations of biological systems, such as
genetic mutation and chemical exposure, have been used as
powerful approaches to deepen our systems-level under-
standing of biological processes and to discover unprece-
dented biological phenomena (Lehar et al, 2008). In particular,
perturbations by chemical probes provide broader applica-
tions not only for analysis of complex systems but also for
intentional manipulations of these systems, e.g., a medicine is
a small molecule designed for the purpose of clinical therapy
that can actively manipulate biological systems from dis-
ordered to well-ordered states. Unfortunately, the number of
well-characterized chemical probes is highly limited, which
has bottlenecked their wide range of application.

The set of all possible small organic molecules, referred to as
chemical space, has been estimated to consist of more than
10%° compounds (Dobson, 2004). Chemical space is as vast as
the diversity of biological systems, and the vastness of the two

© 2011 EMBO and Macmillan Publishers Limited

domains creates difficulty in comprehensive understanding
of the interface between chemical space and biological
systems (Lipinski and Hopkins, 2004; Renner et al, 2009).
Recently, chemical genomics has emerged as a promising area
of research applicable to exploration of novel bioactive
molecules, and researchers are currently striving toward the
identification of all possible ligands for all target protein
families (Wang et al, 2009). Large-scale data sets of
compound-protein interactions (CPIs) are being collected,
and chemical genomics studies have shown that patterns of
protein-ligand interactions are too diverse to be understood as
simple one-to-one events. For example, multiple structurally
different compounds have been shown to bind the same
protein or express similar biological activities (Eckert and
Bajorath, 2007; Young et al, 2008). In other cases, one drug has
been shown to affect multiple targets from different protein
families (MacDonald et al, 2006; Paolini et al, 2006). This
phenomenon, termed polypharmacology, is thought to be one
critical cause of adverse drug effects (Hopkins, 2008). There-
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fore, an integrative understanding of multiple interactions
among chemical and biological components beyond a one-
compound/one-target simplification could open up new
opportunities in drug development, but the need to develop
appropriate data mining methods for characterizing and
visualizing the full complexity of interactions between
chemical space and biological systems is urgent (Oprea et al,
2007). Recently, mining of multiple CPI data sets has been used
to identify new protein targets for known drugs and thereby
predict unreported polypharmacology (Keiser et al, 2009).
However, this approach only identifies additional targets for
known drugs. No existing screening approach has so far
succeeded in identifying novel bioactive compounds using
multiple interactions among compounds and target proteins,
and the potential application of analysis of multiple CPIs to
identify novel bioactive molecules remains unknown.
High-throughput screening (HTS) and computational
screening have greatly aided in the identification of early lead
compounds for drug discovery. However, the large numbers of
assays required for HTS to identify drugs that target multiple
proteins render this process very costly and time-consuming.
Therefore, interest in using in silico strategies for screening has
been increasing. The most common computational ap-
proaches, ligand-based virtual screening (LBVS) and struc-
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ture-based virtual screening (SBVS; Oprea and Matter, 2004;
Muegge and Oloff, 2006; McInnes, 2007; Figure 1A), have been
used for practical drug development. Unfortunately, these
methods have important limitations. LBVS aims to identify
molecules that are very similar to known active molecules and
generally has difficulty identifying compounds with novel
structural scaffolds that differ from reference molecules.
Attempts to scaffold-hop using LBVS are prone to identifica-
tion of increased numbers of false positives (Eckert and
Bajorath, 2007). Therefore, the primary objective of virtual
screening, reduction of the number of candidate compounds
to be assayed, remains unachievable using this method.
The other popular strategy, SBVS, is constrained by the
number of three-dimensional crystallographic structures
available and, more importantly, by the difficulty of accurately
simulating molecular docking processes for targets, including
membrane-spanning G-protein-coupled receptors (GPCRs).
To circumvent these limitations, we have shown that a new
computational screening strategy, chemical genomics-
based virtual screening (CGBVS), has the potential to identify
novel, scaffold-hopping compounds and assess their poly-
pharmacology by using a machine-learning method to
recognize conserved molecular patterns in comprehensive
CPI data sets.

© 2011 EMBO and Macmillan Publishers Limited



Results

Theoretical framework for CGBVS

The CGBVS strategy is made up of five steps: CPI data
collection, descriptor calculation, representation of interaction
vectors, predictive model construction using training data sets,
and predictions from test data (Figure 1A and Supplementary
Figure S1). Importantly, step 1, the construction of a data set of
chemical structures and protein sequences for known CPIs,
does not require the three-dimensional protein structures
needed for SBVS. We chose GPCRs, important pharmaceutical
targets (Hopkins and Groom, 2002), as our first target proteins
for virtual ligand screening. In total, 5207 CPIs (including
317 GPCRs and 866 ligands) retrieved from the GLIDA
database (Okuno et al, 2006) were used as experimental data
(Supplementary Table S1). In step 2, compound structures and
protein sequences were converted into numerical descriptors
using 929-dimensional and 400-dimensional feature vectors,
respectively. A wide variety of chemical descriptors was used
to describe the substructures, as well as the physicochemical
and molecular properties of the small molecules. Descriptors
for protein sequences were created using a string kernel (see
Materials and methods section and Supplementary informa-
tion for details). These descriptors were used to construct
chemical or biological spaces, in which decreasing distance
between vectors corresponded to increasing similarity of
compound structures or protein sequences. In step 3, we
represented multiple CPI patterns by concatenating these
chemical and protein descriptors (in 929 +400 dimensions).
Using these interaction vectors, we could quantify the
similarity of molecular interactions for compound-protein
pairs, despite the fact that the ligand and protein similarity
maps differed substantially (Keiser et al, 2007). In step 4,
concatenated vectors for CPI pairs (positive samples) and non-
interacting pairs (negative samples) were input into a support
vector machine (SVM; Vapnik, 1995), an established machine-
learning technique widely applied to pattern-recognition
problems (Scholkopf et al, 2004; Shawe-Taylor and Cristianini,
2004). Using training sets, an SVM classifier was generated as a
hyperplane dividing positive and negative samples into two
distinct classes representing interaction and non-interaction.
By mapping the samples into high-dimensional feature space
using a nonlinear kernel function, samples that were linearly
inseparable in the original input space could be linearly
separated in the feature space. As a nonlinear SVM can extract
patterns from data sets with nonlinear characteristics, non-
intuitive interaction rules can be obtained from multiple CPI
patterns, creating the potential to identify novel CPIs. In the
final step, the SVM classifier constructed using training sets
was applied to test data. Along with providing simple yes/no
outputs, the calculated prediction scores also ranked all test
compound-GPCR pairs in the order of binding probability.

Computational evaluation of CGBVS

To evaluate the predictive value of CGBVS, we compared its
performance with that of LBVS methodologies using respective
data sets of 5207 interacting and non-interacting pairs. The
performance of each method was tested by repeating fivefold

© 2011 EMBO and Macmillan Publishers Limited
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cross-validations 20 times. CGBVS performed with a consider-
ably higher accuracy (91.9 + 0.3%) than LBVS (84.4 £ 0.3%, at
best). We also recorded the number of true-positive interac-
tions as a function of false positives and plotted receiver
operating characteristic (ROC) curves (Hanley and McNeil,
1982), as shown in Figure 1B and Supplementary Table S2.
ROC analysis revealed that CGBVS performed better than all
LBVS methods in terms of the score ranking of CPI pairs.

Recently, the crystal structure of the f2-adrenergic receptor
(ADRB2) has been determined (Cherezov et al, 2007;
Rasmussen et al, 2007). Therefore, we were able to compare
CGBVS and SBVS in a retrospective virtual screening based on
the human ADRB2 using a representative docking program,
Glide (Friesner et al, 2004). For CGBVS, we constructed a
predictive model based on 5167 CPI pairs, excluding 40 known
ADRB2-related CPIs to avoid any bias in favor of CGBVS during
the machine-learning step. Using both methods, we predicted
scores for the same 866 known GPCR ligands, including the 40
known ADRB2 ligands as positive controls. We asked whether
the scores for these 40 known positive compounds were higher
than scores for other compounds. Figure 1C and Supplemen-
tary Table S3 show that CGBVS provided higher enrichment
factors (EFs) and hit rates than did SBVS. These results suggest
that CGBVS is more successful than conventional approaches
for prediction of CPIs.

Polypharmacological interactions for ADRB2

We also evaluated the ability of the CGBVS method to predict
the polypharmacology of ADRB2 by attempting to identify
novel ADRB2 ligands from the above ligand data set. As an
established, well-studied pharmaceutical target (Waldeck,
2002), we expected that novel ADRB2 ligands would be
difficult to find, and that searching for novel scaffolds for such
a well-known target would be a stringent assessment of the
predictive ability of CGBVS. After training an SVM classifier
using all 5207 CPIs, we ranked the prediction scores for the
interactions of 826 reported GPCR ligands (excluding the 40
known ADRB2 ligands) with ADRB2, and then analyzed the 50
highest-ranked compounds in greater detail. To complement
the less-than-comprehensive binding data available in the
original GLIDA database, a literature search was performed
using SciFinder (Wagner, 2006) and PubMed (http://
www.ncbi.nlm.nih.gov/pubmed/). This search identified 15
of the top 50 compounds as known ADRB2 ligands.
Importantly, these compounds were identified as ligands of
other GPCRs, not of ADRB2, in training sets used in the
machine-learning step. ADRB2 ligands already reported in the
literature were excluded from analysis, but the remainder were
tested in in vitro binding assays. From the remaining 35
ligands, 21 were commercially available. Of these 21, 11 were
not previously reported, but were discovered to bind to ADRB2
(Figure 2A and Supplementary Table S5). These compounds
included ligands for the acetylcholine, serotonin, dopamine,
and neuropeptide Y receptors (Figure 2E), indicating the
presence of potential polypharmacological interactions
with ADRB2.

To substantiate the novelty of the ligands identified by
CGBVS, we compared the predictive scores estimated by the
three virtual screening approaches (CGBVS, LBVS, and SBVS).
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ACM1

on the LBVS axis, whereas most of the other active compounds
identified (green dots) fell outside the top 50 scores. Active
compounds (red, orange, and green) were widely scattered
along the SBVS axis (Figure 2C and D), and only six were found
in the top 50 SBVS scores. This was consistent with the known

We used 26 (orange and green dots in Figure 2B-D) of the top
50 compounds predicted by CGBVS that had ligand activity,
but that had not been used in the training data set, to evaluate
the other methods. As shown in Figure 2B and D, the known
ADRB2 ligands (orange dots) clustered with the highest scores
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