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Over the past five decades, pharmacological compounds
have been identified that collectively target the products
of ~400–500 genes in the human body; however, only
~120 of these genes have reached the market as the tar-
gets of drugs1,2. The Human Genome Project3,4 has
made available many potential new targets for drug
intervention: several thousand of the approximately
30,000–40,000 estimated human genes4 could be associ-
ated with disease and, similarly, several thousand
human genes could be susceptible to drugs. Overlaying
the domains of drug-susceptible and disease-associated
genes will probably allow the identification of genes that
could serve as new drug targets1.

In this context, new approaches are needed to move
rapidly from gene to drug. The integration of recent
progress in high-throughput genomics (including
TRANSCRIPTIONAL PROFILING) and several chemistry disci-
plines has markedly influenced current target- and
drug-discovery practices and has given rise to a new
research discipline, known as ‘chemogenomics’. This
discipline is best defined as the study of the genomic
and/or proteomic response of an intact biological sys-
tem — whether it be single cells or whole organisms —
to chemical compounds, or the study of the ability of
isolated molecular targets to interact with such com-
pounds. This response is gauged by phenotypic read-
outs and high-throughput assay technologies. Note,

however, that owing to the emergence of various sub-
specialties of chemogenomics (discussed in the next
section) and the involvement of several disciplines, it is
currently almost impossible to give a simple and com-
mon definition for this research discipline (BOX 1).

In chemogenomics-based drug discovery, large col-
lections of chemical products are screened for the paral-
lel identification of biological targets and biologically
active compounds. The biologically active compounds
that are discovered in this way are known as ‘targeted
therapeutics’5 because they bind to and modulate spe-
cific molecular targets. Although the chemogenomics
strategy seems to have much in common with large-
scale serendipity, the basic idea of its application is to
accelerate the pace of the drug-discovery process. In the
past couple of years, many leading pharmaceutical drug
development companies have established chemoge-
nomics groups, and hundreds of novel targets and com-
pounds that have been identified by chemogenomics are
currently undergoing biological testing further along
the drug-development pipeline.

Chemogenomics is a direct descendent of the con-
ventional pharmaceutical approach to product discovery
in that it also involves screening libraries of compounds
for their effects on biological targets. However, it differs
from the conventional pharmaceutical approach
because it directly links such extensive library screens to
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COMBINATORIAL CHEMISTRY

A process for preparing large
collections of compounds, or
‘combinatorial libraries’, by
synthesizing all possible
combinations of a set of smaller
chemical structures or ‘building
blocks’.

COMPOUND LIBRARY 

A structurally diverse collection
of chemical molecules, typically
containing several hundred
thousand entities, that is used to
identify new lead candidates.

SYNTHETIC CHEMISTRY

A branch of chemistry that
focuses on the deliberate
manufacture of pure compounds
of defined structure and/or the
development of new chemical
reactions for this purpose.

CHEMOINFORMATICS

A generic term that encompasses
the design, creation,
organization, management,
retrieval, analysis, dissemination,
visualization and use of
chemical information, with the
intended purpose of guiding
drug discovery and
development.

FOCUSED LIBRARY

Compound libraries that are
enriched for desired properties,
such as target-binding affinity,
by using computational library
design methods.

HIGH-THROUGHPUT

SCREENING

The large-scale, trial-and-error
evaluation of compounds in a
parallel target-based or cell-
based assay.

Experimental chemogenomics
Chemogenomics integrates target and drug discovery
by using active compounds (or ligands) as probes to
characterize proteome functions. As in genetics, forward
and reverse principles can be distinguished, depending
on whether the investigative process moves from phe-
notype to target or from target to phenotype. The target
is the gene product, whereas a ligand is any molecule
that is able to bind to the target with a certain specificity.
Physical compound libraries that consist of hundreds of
thousands to millions of potential ligands have been
developed. There are two different sorts of these com-
pound libraries: natural product libraries and synthetic
libraries. The advantage of the former is their inherently
large-scale structural diversity and their intrinsic prop-
erty as having been evolutionarily optimized within bio-
logical systems, whereas the latter are characterized by
an almost infinite number of synthetic possibilities.

Reverse chemogenomics. In ‘reverse chemogenomics’,
gene sequences of interest are first cloned and expressed
as target proteins, which are then screened in a high
throughput, ‘target-based’ manner by the compound
library (FIG. 1b). Such a HIGH-THROUGHPUT SCREENING (HTS)
method can involve many different bioassays6–11, which
monitor the effects of different compounds on specific
targets (such as the ability to bind a protein), on specific
cellular pathways (for example, the capacity to inhibit
the mitogenic pathway of a tumour cell)12 or on the
phenotype of a whole cell or organism. The assays can
be generally divided into cell-free, cell-based and organ-
ismal assays13. Cell-free, universal binding assays — in
which several compounds are simultaneously tested for
their binding affinity to a wide panel of specific targets
— are usually simple, precise, highly automated and

modern genomics methodologies. To accomplish this
goal more effectively and systematically, it is necessary to
have access to new synthetic COMPOUND LIBRARIES. Several
chemical disciplines, such as combinatorial chemistry,
SYNTHETIC CHEMISTRY and CHEMOINFORMATICS, have been used
for this purpose. Traditional screening methods were
limited to assessing gross responses to a limited panel of
natural products; by integrating genomics, bioinfor-
matics and the above-mentioned chemical disciplines,
chemogenomics has replaced this approach with the
rational development and rapid screening of target-
specific chemical ligands.

Although chemogenomics has garnered support
from virtually all areas of research, such as immune,
inflammatory and hormone research, the application
that stands to particularly gain from chemogenomics is
cancer research, as the technique can help to identify
treatment strategies that selectively target certain molec-
ular alterations. Human cancers show complex and
multiple pathogenic aberrations, for which targeted
therapies are urgently needed to ameliorate the largely
negative outcome of these diseases. Cancer research is
therefore particularly poised to take advantage of the
high-throughput nature of chemogenomics.

This article outlines the goals and strategies of
chemogenomics and reviews the application of this
method, particularly to cancer research and therapy. We
also discuss the future prospects of this new discipline
and the unique and mainly technical challenges that it
faces. Such challenges include the need for a more
refined integration of bioinformatics and chemoinfor-
matics data, a more rational approach to selecting
designed compounds from an almost infinite number
of synthetic possibilities and the ability to build more
FOCUSED LIBRARIES for screening.

Box 1 | Defining chemogenomics

There is some confusion about the meaning of the term ‘chemogenomics’103; this might be expected given the
involvement of so many disciplines. In particular, there is considerable overlap among the related strategies described by
the terms ‘chemical genetics’104 and ‘chemical genomics’105,106. Although these three terms are sometimes used
interchangeably, the primary goal of both of the last two strategies is the study of cellular function using small synthetic
molecules as modulating ligands.

By contrast, the term ‘chemogenomics’ is often used to describe the focused exploration of target gene families, in
which small molecule leads — identified by virtue of their interaction with a single member of a gene family — are
used to study the biological role of other members of that family, the function of which is unknown. The
additional members of a gene family are usually identified by sequence homology107–109. So, in this strategy, genetic
sequences are annotated and translated into potential pharmacological targets. Such grouping of gene families
according to genetic sequence homology has the potential to cover a broad range of therapeutic areas, because
although genes in a family can encode structurally similar proteins, each protein of a gene family can exert a very
different biological function.

The promotion of the target family-based approach to an industrial discovery technology was probably first
emphasized by researchers at Glaxo Wellcome, who based it on the analysis of gene families that had been successfully
explored up to that point110 . The scientists at Glaxo Wellcome highlighted obvious advantages of system-based
approaches, such as combining advances in gene cloning and expression, automation, COMBINATORIAL CHEMISTRY and
bioinformatics. Since then, numerous pharmaceutical and biotechnology companies have built their business models on
these principles. Most notably, the pioneering company Vertex Pharmaceuticals designed its entire drug-discovery process
around target families in contrast to the traditional disease-area-orientated organization of pharmaceutical research103,111.

Although chemogenomics historically refers to the gene-family-based approach to drug discovery, in this review, a
broad definition of chemogenomics is emphasized, which includes every scientific approach that uses high-throughput
technology to study the genomic effect of chemical compounds.
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Figure 1 | Forward- and reverse-experimental
chemogenomic approaches. The initial step in
forward and reverse chemogenomics is to select a
suitable collection of compounds and an
appropriate model system in which to screen them.
In both approaches, the sequential steps of the
assay — the transfer of ligands, cells, assay
reagents and plates — can be fully or semi-
automated. IT integration is a key element in
industrial setups. a | In forward chemogenomics,
the cell or organismal model system is typically
dispensed in multiwell microtitre or nanowell plates.
Solutions of single ligands are added from the
stock plates to different wells. After incubation, an
aliquot is transferred from the donor plate to a new
recipient plate, in which the ligand–target binding
assay is carried out. The effects of a compound are
assayed by one of several methods: functional
assays directly measure cellular activities such as
cell division; marker assays, such as reporter-gene
assays114 and whole-culture CYTOBLOTS7, identify
specific molecular events that act as surrogate
transcriptional and post-transcriptional markers for
phenotypic changes of interest; automated
microscopy or imaging-based screening115 are
innovative approaches that attempt to capture
further morphological changes. The end point of
most cell-based high-throughput assays is a
spectroscopic readout; readout data are
automatically transferred to a microprocessor for
final data calculation, including in silico quality
control and structure–activity relationship (SAR)
analysis. Active compounds that achieve the
desired phenotypic change are then selected to
identify their molecular targets. This can be done in
several ways, of which AFFINITY MATRIX

PURIFICATION, PHAGE DISPLAY or transcriptional or
PROTEOMIC PROFILING are the most commonly used
approaches. In profiling experiments, protein or
RNA isolates of the treated model system are
analysed in reference to mock treatment for global
molecular drug signature assessment. b | In reverse
chemogenomics, emphasis is especially placed on
the parallel exploration of gene and protein families.
Here, target gene sequences that show a certain
degree of homology are expressed in a host cell:
these family target proteins are purified, collected
and subjected to assay design. Based on the SAR
homology concept116 that the degree of similarity of
ligands determines similarities in target binding,
candidate ligands that show a desirable similarity to
a ligand that is known to interact with one member
of a target family are selected.The ultimate goal is
to identify new ligands that hit either the same
target or analogous target-family members.
Reverse chemogenomics is normally carried out
using a cell-free binding system, in which either 
the target protein or the libraries are immobilized 
on assay plates or dispensed in multiwell plates,
and the study compounds or target proteins,
respectively, are added in solution. Various
technologies are used to detect ligand–target
binding. In fluorescence-based detection, an imaging
camera automatically captures the fluorescence signal
that corresponds to ligand–target binding. As in
forward chemogenomics, readout data are
transferred to a data analysis system, which uses
sophisticated computational algorithms to mine the
large amounts of — and, to some extent, noisy and
error-prone — data.
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CYTOBLOT

A cellular immunoassay that
uses primary antibodies to gauge
specific post-translational
changes, such as the abundance,
modification or conformational
change of a protein, as a
surrogate measure of a
phenotypic change of interest.

AFFINITY MATRIX PURIFICATION

Purification of targets on the basis
of their interactions with a ligand
that is attached to an immobilized
matrix, such as agarose beads, to
form an affinity column.

PHAGE DISPLAY

A technique that fuses foreign
peptides to capsid proteins on
the phage surface. Immobilized
libraries of phage-displayed
peptides might be screened for
binding to specific ligands;
determination of the gene
sequence of the selected phage
identifies the peptide sequence.

PROTEOMIC PROFILING

The systematic analysis of protein
expression of normal and
diseased tissues that involves the
separation, identification and
characterization of proteins that
are present in a biological sample.

PHYSICOCHEMICAL PROPERTIES

The characteristics of a
compound that are relevant to
pharmacokinetics studies, such
as solubility or membrane
permeability.

DRUG-LIKENESS

The concept that drugs share
specific molecular properties
that distinguish them from other
natural or synthetic chemicals.

LEAD OPTIMIZATION

The concurrent optimization of
many pharmacological design
features, such as target-binding
affinity and selectivity, by iterative
design, synthesis and testing in
biological model systems.

QUANTITATIVE

STRUCTURE–ACTIVITY

RELATIONSHIP

(QSAR). An analysis that
describes the association
between the molecular structure
of a compound and its ability to
affect a biological target.

LIGAND-INDUCED

CONFORMATIONAL

STABILIZATION

A phenomenon in which
substrates, inhibitors, cofactors
and even other proteins provide
enhanced stability to proteins on
binding.

yeast Saccharomyces cerevisiae17–21), physiological or
pathological cells from complex multicellular vertebrate
or mammalian organisms, or even whole higher organ-
isms, such as fly, worm, zebrafish or mouse. Subsequently,
high-throughput cell-based or organismal phenotypic
assays are used to identify biologically active com-
pounds22. In other words, in this approach, compounds
are identified on the basis of their conditional pheno-
typic effect on a whole biological system rather than on
the basis of their inhibition of a specific protein target.
The phenotypic screen is designed to reveal a novel con-
ditional phenotype (either a loss-of-function or a gain-
of-function phenotype) and the affected protein or
pathway. For example, a loss-of-function phenotype
could be an arrest of tumour growth. Once biologically
active compounds that lead to a target phenotype have
been identified, efforts are directed towards the study of
the mechanistic basis of the phenotype by identifying
the gene and protein targets using various high-
throughput methods22,23 (FIG. 1a). The biological and
structural information on the target can, in turn, be
used in reverse chemogenomics to identify and develop,
through HTS, new and more potent compounds that
disrupt the function of the target. On the other hand,
active ligands that are identified using reverse chemoge-
nomics can be biologically validated by examining the
phenotypic effect of altering the function of their pro-
tein targets in a forward chemogenomics setting. The
main challenge of this chemogenomics strategy lies in
designing phenotypic assays that lead immediately from
screening to target identification.

Predictive chemogenomics. Whereas the principal goal
of chemogenomics is to identify new therapeutic targets
and drugs, ‘predictive chemogenomics’ strategies pri-
marily attempt to holistically characterize treatment
responses, coupled with the secondary aim of identify-
ing novel therapeutic molecules. The central approach

compatible with a very high throughput approach.
Target–ligand interactions (so-called ‘hits’) are unam-
biguously identified in the absence of confounding vari-
ables. For example, fluorescent-based methods for
detecting the LIGAND-INDUCED CONFORMATIONAL STABILIZATION

of proteins14 or MASS-SPECTROMETRY-based detection sys-
tems15,16 have been described as a means to examine the
effect of bound ligands. By contrast, cell-based and
organismal assays — in which selected compounds are
delivered directly to cells or organisms in vitro — iden-
tify hits within a relevant cellular context, but, because
of the interaction with multiple targets, hits require addi-
tional mechanistic characterization. Whereas cell-free
assays are primarily used in reverse chemogenomics, if
target information is available, cell-based and organismal
assays are predominantly used in forward chemoge-
nomics (see below) to examine broad compound effects
on intact biological systems.

The hits that are revealed in this way are used to gen-
erate lead compounds. These are then optimized by the
careful selection of the most promising candidates and
through the synthesis and testing of chemical ANALOGUES

with similar and, it is to be hoped, improved properties
(BOX 2). Reverse chemogenomics is therefore virtually
identical to the target-based approaches that have been
applied in drug discovery and molecular pharmacology
over the past decade; however, these are now enhanced
by parallel screening and by the ability to perform lead
optimization on many targets that belong to one target
family.

Forward chemogenomics. In ‘forward chemogenomics’
(FIG. 1a), the molecular basis of a desired phenotype is
unknown. Here, a so-called ‘phenotypic screen’ is per-
formed in single-cell organisms or cells from multicellu-
lar organisms using a panel of ligands. The biological
systems can consist of prokaryotic and eukaryotic single-
cell organisms (bacteria and fungi; for example, the

Box 2 | From chemical compound to drug

In the discovery and development of a new drug, different terms are assigned to the substances that are studied at different
steps in the process. Only if a substance fulfills the requirements for a certain level is it subjected to testing on the next level.

The process starts with a ‘compound’— a chemical substance of defined chemical structure and purity. Compounds that
show specific binding properties and are active are referred to as ‘hits’and are further validated; this includes verifying their
chemical identity and purity, and determining their binding properties in one or more secondary assays.

Follow-up research on candidate compounds is then prioritized according to sophisticated chemoinformatics strategies
that take into account practical factors, such as the PHYSICOCHEMICAL PROPERTIES of a compound, its ‘DRUG-LIKENESS’ and
feasibility of synthesis. This so-called LEAD OPTIMIZATION process uses QUANTITATIVE STRUCTURE–ACTIVITY RELATIONSHIP (QSAR)
data, and, in particular, the synthesis of analogous synthetic compounds with refined properties. These refined
properties include both an increased potency and target selectivity as well as drug-like characteristics that are
compatible with testing in biological model systems. The synthetic analogues that are predicted to have improved
properties are subjected to assay-based high-throughput screening (HTS) to compare their biological effects with those
of the initial lead compounds. Repeated rounds of concomitant HTS and chemical analogue synthesis give rise to a
progressive lead optimization.

Cellular or biological model systems are then used to validate the discovered hits in vitro and/or in vivo and to assess
the potency and specificity of the effect of a compound.

Selected clinical candidates are tested in humans during phases 1–3 of the clinical studies according to predefined
protocols that analyse their toxicity and efficiency profile for specific therapeutic indications. The end point of the drug-
discovery and development process is a ‘drug’, a registered and approved chemical substance that is used in a dose-
dependent manner for the treatment of a medical condition.
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MASS SPECTROMETRY

A technique that is used to
determine the composition and
abundance of the atoms in and
the molecular mass of complex
molecules, starting with a small
amount of the sample.

[SYNTHETIC] ANALOGUE

Closely related, synthetically
synthesized members of a
chemotype — a family of
molecules that demonstrate a
unique core structure or scaffold
— with minor chemical
modifications that might show
improved target-binding affinity
and potency compared with the
original natural lead compound.

PHARMACOGENOMICS

The study of how and which
variations in the human genome
affect the response to
medications.

ULTRA HIGH-THROUGHPUT

SCREENING

Screening activity that is
accelerated to more than
100,000 tests per day.

PRIVILEGED STRUCTURE

A core or scaffolding structure
that, independent of specific
substituents attached to it,
imparts a generic activity
towards a protein family or a
subset of such a family.

DIVERSITY SET [LIBRARY]

Diversity-orientated synthesis-
based libraries augment the
accessible structural diversity of
the library by mimicking the
structural complexity and
diversity of natural products.

BOOTSTRAP [ANALYSIS]

A type of statistical analysis that
is used to test the reliability of
certain branches in the
evolutionary tree. The bootstrap
analysis proceeds by re-
sampling the original data, with
replacement, to create a series
of bootstrap samples of the
same size as the original data.
The bootstrap value of a node
is the percentage of times that a
node is present in the set of
trees that is constructed from
the new data sets.

of diverse-compound collections; however, it soon
became clear that such massive screening is hardly
applicable in the above experimental chemogenomics
settings because of the necessary high level of financial
investment and the substantial efforts needed for data
handling (IT logistics and automation) and interpreta-
tion. In experimental chemogenomics, emphasis has
therefore now been placed on the pre-selection of
potential ligands to allow the study of smaller,
focused, libraries of compounds. Several strategies
have been applied to generate so-called ‘targeted
libraries’, in which the design and selection of ligands is
based on the information that is available on either the
target itself (for example, through three-dimensional 
X-ray/nuclear magnetic resonance (NMR) structure) or
on ligands that are known to interact with the target24–27.
For targets with limited or no biostructural informa-
tion, PRIVILEGED STRUCTURES are often considered in library
design. Today, typical chemogenomics screening libraries
contain several types of designed subset, including
annotated known biologically active compounds,
target-family focused libraries (for example, kinases,
proteases), peptide mimetics (for example, β-strand,
β-turn and α-helix structural mimetics), natural 
products and derivatives thereof, and DIVERSITY SETS of
drug-like compounds28–31.

As well as using focused library design, cost-efficient
chemogenomics requires genetic sequences of relevance
to be dissected from those that do not contribute to the
ligand–target interaction. For this purpose, sequence
homology alignments and biostructural algorithms 
can be used to narrow down the number of targets to 
be tested25.

of predictive chemogenomics is to initially collect the
genomic responses (for example, through microarray
analysis) and the pharmacological responses (for exam-
ple, through growth inhibition assay) of a cell type or
tissue to treatment with various drugs. Each drug pro-
file represents the drug’s own signature at the tran-
scriptional and molecular pharmacological level.
Biostatistical integration of the genomic and pharmaco-
logical data then reveals predicted gene–drug relation-
ships. This approach can be extended to look at families
of drugs to extract the signatures that are common to a
class of molecules (that is, the effect that is linked to a
chemical structure) and those that are drug specific.
This strategy will not necessarily reveal drug targets but
might identify molecules that significantly influence
the effect of a drug. Computational or in silico meth-
ods can complement experimental chemogenomics
strategies in the search for such predictive molecules
(TABLE 1).

Predictive chemogenomics has considerable over-
lap with ‘PHARMACOGENOMICS’. In contrast to pharma-
cogenomics, however, predictive chemogenomics
strategies generate gene–ligand response associations
by concurrently considering the response profiles of
thousands of drugs, rather than those of one molecule
at a time.

Ligand and target selection
From a cost perspective, it is important that biologically
active chemical candidates are identified quickly, effi-
ciently and accurately. The original combinatorial
chemistry approach to ligand and target identification
involved the ULTRA HIGH-THROUGHPUT SCREENING (uHTS)

Table 1 | Key in silico methods that are used to support chemogenomics approaches

In silico method Application setting and objective References

Similarity and Virtual screening or design of compound libraries to provide focused 80,118–120
pharmacophore* subsets, on the basis of the knowledge of a known active ligand.
searching Homology-based searching aims to identify compounds that 112

are active on a target for which there are no known active compounds 
but that are related by homology to one or more targets for which active 
compounds are known (using the ‘structure–activity relationship 
homology concept’)38.

High-throughput Virtual screening or design of compound libraries to provide focused 80,118,121–126
docking‡ (HTD) subsets, on the basis of the knowledge of the 3D structure of the target.

Identification or design of selective compounds: docking a focused library 127
against a comprehensive panel of 3D structures of one protein family.
Identification of potential targets and mechanisms of action: 128
docking of selected compounds against the entire PDB§ database.

3D bioinformatics Identification of potential targets and mechanisms of action of compounds 129,130
target-binding site on the basis of the structure-based comparison of the ligand-binding sites.
comparison Design of selective compounds within a target family with conserved 

molecular recognition.

Target and ligand By linking the sequence information of targets to their ligands, ligand–target 98,131,132
annotation and classification schemes allow ligands to be matched to targets on the basis of their 
ontologies sequence similarity and provide reference sets for homology-based similarity searching.

The automatic build-up of compound annotations on the basis of Medline literature 
reports provides the knowledge basis for generating annotated compound libraries.
These can then be used to guide experiments to determine the components 
of signalling pathways.

*Pharmacophore, the predicted combination of steric and electronic features and the spatial arrangement of chemical groups that
determine the interaction of a set of compounds with a specific biological target. ‡Docking, the process of assessing how a ligand and a
target fit together in three-dimensional space. High-throughput docking (HTD) is used to virtually dock drug-like compounds to their
macromolecular targets to predict their potential activity against the targets. §PDB, Protein Data Bank, a worldwide biological repository
for the processing and distribution of three-dimensional macromolecular structure data.
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Box 3 | Reverse-chemogenomics case study: designing a focused library of ligands for monoamine-related GPCRs

The successful design of family-focused target libraries depends on how
similar the ligands and binding sites are among the members of a gene
family.We recently proposed that the monoamine-related G-protein-
coupled receptor (GPCR) subfamily, for which motif-based sequence
searches identified 50 human GPCR members, recognizes its ligands
through 3 binding sites. The sequence comparisons of the 50 identified
GPCRs, based on the 7-transmembrane (7TM) domain, are shown in the
dendrogram in panel a (the scale of sequence identity is indicated by the 5%
distance bar and the numbers on the branches are BOOTSTRAP values out of
1,000 replicates). For the serotonin 5HT1A-receptor subtype, each of the three
spatially distinct binding regions allows the receptor to bind a different
ligand (panel b, top). These regions are located within the highly conserved
7TM domain of the receptor and overlap at the residue D3.32 in TM3, which is
responsible for the recognition of the basic amino group of the ligands.

This information motivated the design of the Novartis tertiary amine
(TAM) combinatorial ligand library. The TAM structures, for which
prototypes are shown in panel c, were designed to be similar in architecture
and properties to known monoamine-related GPCR ligands, for which
examples are shown in panel b. The successful search for antagonists for
the 5HT7 GPCR, which has the 5HT1A receptors as next neighbour in the
sequence dendrogram, illustrates the use of the TAM library. By searching
with 5HT1A reference compounds in the TAM library (using the Similog
method112), we were able to identify a 10% hit rate (pKB <5 µM, where
pKB= the negative logarithm of the binding constant) when only a
biological assay with limited capacity was available — that is, when only a
limited number of componds could be screened. The hits corresponded to
arylpiperazines (see panel c), which, in follow-up studies, were also active
on other monoamine-related GPCRs113. Panel a reproduced with
permission from REF. 113 © (2001) Wiley–VCH.

N

O

HN
N

N

NH

S
O

O

Cl

OH

N

OH

O

NH2

HN

N

N

N

NH

NN

Cl

O
CH3

N

N

N NH

Cl

N
N

HN

O

NH
O

O

Cl

NH

S
O

O

N

O CH3

O
H3C

Cl O

N

O
CH3

CH3

H

HO

Cl

NH

HO

H2N

N

N

NH

O

F

OO

Serotonin
5-HT agonist

Ketanserin
5-HT2A antagonist

OHO

HN

N

N

HN

S

N

Cl

Cl

Propranalol
β antagonist

Janssen_1
D4 antagonist

RO-16814
β agonist

Kissei_1
D2 antagonist

HO

N

N

N

N

O

N

O
CH3

8-OH-DPAT
5-HT1A partial agonist

WAY-100635
5-HT1A antagonist

b

a

c

5-HT7 antagonist
pKB = 7.25

0.05

ACM1
ACM3
ACM5

ACM2
ACM4

HH1R
GPR24_MCR1

GPR14_UR2R
SSR1
SSR4
SSR2

SSR3
SSR5

GPR7
GPR8

OPRD
OPRM
OPRK
OPRX

GPR_AF021818
GPR57

GPR58
5H6

B1AR
B2AR
B3AR

HH2R
5H4
D1DR

D5DR
D2DR

D3DR
D4DR

5H2A
5H2C

5H2B
A2AA
A2AB

A2AC
A2AD

A1AA
A1AB

A1AC
5H5A

5H1A
5H1B
5H1D

5H1E
5H1F

5H7

946

6251,000

1,000

1,000

1,000

1,000

1,000

1,000

1,000

1,000

1,000

1,000

1,000
1,000

1,000

1,000

1,000

696

974
993

953459532

929
962

982
696

809

911

231
324

62

567

976

996333

332

679

658

622

31

456

487 

21

125

992

S



©  2004 Nature  Publishing Group
268 | APRIL 2004 | VOLUME 5 www.nature.com/reviews/genetics

R E V I EW S

therapies for them. TABLE 2 summarizes some recent
results of chemogenomics research into human diseases.

In general, chemogenomics approaches can be used
for three different purposes in disease research. First,
chemogenomics can be used to identify new drug tar-
gets and might allow their biological functions to be
understood. In this context, forward chemogenomics
strategies are used to initially examine the phenotypic
effect of a compound or a panel of compounds on a

Applications
Chemogenomics strategies are increasingly being har-
nessed by various fields of medical research – for exam-
ple, those related to cancer or immune, inflammatory
and hormone disease – in attempts to develop new tar-
geted therapies as rapidly as possible (BOX 3). Several
advances have been made by chemogenomics in
understanding the molecular biology of various dis-
eases and in identifying potential pharmacological

Table 2 | Chemogenomics applications*

Focus/approach Ligands Target Disease Model Validation model Refs

Target FK228, Trichostatin A, HDAC Cancer/ Hras-Ras1, vras-NIH3T3 Proliferation/enzyme assay 37–39
identification/F Depudecin angiogenesis cells, mammalian cell lines

Target TNP-470 MetAP2 Cancer/angiogenesis W303 yeast strain, Yeast-deletion model 19,20
identification/F endothelial cells

Target Dihydroepo- 20S proteasome Cancer/ EL4 murine 2D-gel electrophoresis, 133
identification/F nemycin (LMP2, LMP7) angiogenesis thymoma cells immunoblotting

Target & drug PNRI-299 Ref1 Asthma A549 lung BALB/c mice 47
identification/F epithelial cells

Target & drug Radicicol-derivatives Hsp90, ACL Cancer/ NIH3T3, RAS-373, BALB/c mice, ex vivo 32–34
identification/F BR-1, BR-6, KT8529, angiogenesis SRC-373 mouse fibroblasts, western blot, immuno-

KF25706 HeLa cells, normal rat and blotting, enzyme inhibition
human tumour cells

Target & drug FK506, Calcineurin, Immune disease Yeast strains In vitro and mice 22,134,
identification/F cyclosporine A CPH1 & FPR1 135

Drug & target K252a CaMPKs Neuroinflammation BV-2 microglia cells Western blot 136
identification/F

Drug Compound A pRB Cancer HT29, HCT116, C33A Western blot 137
identification/F cancer cells (cytoblot)

Drug Compounds 5a–5h Ras-Raf Cancer MDCK epithelial cells, Phenotype reversal 12
identification/F MDCK-F3 (HRas)

Drug CDK-731 MetAP-2 Cancer/angiogenesis Endothelial cells Phenotype reversal 36
identification/R (proliferation inhibition)

Drug Peptide 18 CaMPKs/MLCK Various Enzyme inhibition Kinetic analysis of target 138
identification/R & analogues assay inhibition

Drug Isatin oximes UCH-L1 Cancer High-throughput Phenotype induction in 139
identification/R 30, 50, 51 screening H1299 lung cancer cells

Drug Compounds HDAC Cancer/ In vitro enzyme Phenotype reversal 140,141
identification/ 1a–c and 11l angiogenesis assay, mouse A20 in murine erythro-
R and IS cells, virtual mutation leukemia cells

Drug NSC-65828, R5A, AGN Cancer/ Cell-free high- Athymic mice (s.c. PC-3 122,142,
identification/ H8A, N68A, angiogenesis throughput screening, prostate and HT-29 colon 143
R and IS des (121-123) VHTS cancer cells), HPLC

Drug 1-850, TR Hyper- VHTS HeLa, GH4 rat 124
identification/IS D1-D4 thyroidism pituitary cells

Drug Indoloquina- CK2 Cancer VHTS Rat liver kinase 125
identification/IS zolinones 3a, 4, 5 inhibition assay

Drug Wortmannin 1,067 on/off Immune/ 6,025-strain homozygous Phenotype complementation 21
mechanism/F targets inflammatory and heterozygous by ORF reintroduction

disease, etc. yeast-deletion collection

Drug Rapamycin TOR1p, TOR2p, Cancer, immune 2,216 homozygous Transfection 18
mechanism/F 106 gene mutations disease and 50 heterozygous

yeast-deletion strains

Drug Artesunate 54 genes Cancer 55 human tumour Transduction (∆EGFR, 144
mechanism/F cell lines GCS, CDC25A)

Response >70,000 anti- Many on/off Cancer 60 human cancer cell 70,71,74,
factor/P cancer drugs targets lines (NCI60) 76–78
*The list of chemogenomics studies is not exhaustive but constitutes a representative compilation of recent, selected examples in this field. ACL, ATP citrate lyase; AGN,
angiogenin; CaMPK, calmodulin-regulated protein kinase; CDC25A, cell-division cycle 25A phosphatase; CK2, protein kinase CK2 (casein kinase II); EGFR, epidermal growth
factor; F, forward chemogenomics; GCS, γ-glutamylcysteine synthetase; HDAC, histone deacetylase; HPLC, high-performance liquid chromatography; Hsp90, heat-shock
protein 90 molecular chaperone; IS, in silico chemogenomics; MetAP2, methionine aminopeptidase type 2; MLCK, myosin light chain kinase; ORF, open reading frame; P,
predictive chemogenomics; Ref1, redox effector factor-1; pRB, retinoblastoma gene protein; R, reverse chemogenomics; TOR, target of rapamycin; TR, thyroid hormone
receptor; UCH-L1, neuronal ubiquitin C-terminal hydrolase; VHTS, virtual high-throughput screening. 
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MYELODYSPLASTIC SYNDROME

One of a group of disorders of
the bone marrow that is
characterized by the abnormal
development of one or more of
the cell lines that are normally
found in bone marrow, leading
to anaemia, abnormally low
white blood cell count, tendency
to infection and bleeding
problems.

DESCRIPTOR

A metric that is used to
numerically describe a structure
or other molecular attributes of
a chemical compound.

and MYELODYSPLASTIC SYNDROME40–46. In turn, phenotypic
screening of compounds that have been recently discov-
ered by reverse chemogenomics to inhibit a certain bio-
logical pathway can be used to identify the immediate
target of compound action in this pathway. For exam-
ple, the redox effector factor-1 (Ref1) gene has been
recently identified as a therapeutic target for asthma, fol-
lowing HTS for small-molecule inhibitors of activator
protein-1 (AP1) transcription47.

The potential of chemogenomics to identify novel
compounds for many targets has stimulated particular
interest in its application to cancer research. Compared
with other diseases, cancers normally demonstrate com-
plex genetic changes. These changes involve multiple
alterations at the genetic and gene-expression levels
that lead to aberrant protein (target) abundance. The
genetic and epigenetic profile is highly variable even
among cancers that seem to be histologically similar. In
addition, genetic instability can cause substantial intra-
tumour genetic heterogeneity, which further increases
the number of molecular aberrations. This presents two
difficult challenges: how to identify the enormous quan-
tity of pathogenic changes (and therefore potential tar-
gets) that are present in tumours and how to identify the
many targeted therapeutics that are necessary to address
as many genetic alterations as possible. Chemogenomics
might successfully rise to both these challenges and it is
in fact in the field of cancer research that currently most
chemogenomics studies have been done17,28.

Chemogenomics and cancer research
Cancer research has been affected by genomics more
than any other research discipline. As in other areas, the
ultimate goal of applying chemogenomics strategies to
cancer research is to increase the odds of advancing the
right compounds to the clinic with reduced attrition
rates and reduced costs of drug discovery. Probably the
most extensive HTS attempt for novel anticancer drug
and target profiling is the in vitro cell-line screening
project (IVCLSP) that has been undertaken by the
Developmental Therapeutics Program (DTP) of the
National Cancer Institute (NCI). Here, a panel of 60
untreated cancer cell lines — the so-called ‘NCI60’ — is
used for the drug-discovery screening of 140,000 com-
pounds from the NCI chemical library13,48,49. The aim
is to ‘fingerprint’ and prioritize compounds for fur-
ther evaluation. The biological response patterns of
the different cell lines are used in pattern-recognition
algorithms, which allow putative mechanisms of
action to be assigned to each compound. Potential
targets are assessed en masse, allowing the activity pat-
terns and DESCRIPTORS of molecular structure to be linked
to genomic profiles. Compounds that are deemed to be
sufficiently interesting in the screen are subjected to
further experimental testing13,48,49.

Chemogenomics-based anticancer drug discovery
faces special challenges. An essential precursor to the
development of such drugs is a comprehensive linking of
specific genes to individual cancers and an explanation
of the roles of their proteins, a project that is still far from
complete50. It is unlikely that any one drug will be able to

biological system, followed by an investigation into how
these compounds interact with the drug targets. As a
result of these approaches, the number of newly identi-
fied targets (and compounds) is steadily increasing
(TABLE 2). One of the earliest successes of this method
was the discovery of the immunosuppressant FK-506
(which has entered clinical practice as tracrolimus) in
1987 and the subsequent identification of calcineurin as
its molecular target. The application of forward chemo-
genomics to cancer and angiogenesis research, for exam-
ple, has identified the heat-shock protein 90 (HSP90)
molecular chaperone and ATP citrate lyase (ACL) as
targets of radicicol (Humicola fuscoatra, an antifungal
antibiotic that has anti-tumour and anti-neoplastic
activity) and its analogues KT8529, KF25706, BR-1 and
BR-6 (REFS 32–34). Second, chemogenomics approaches
are applied to discover, in a high-throughput fashion,
new chemical candidates for molecular targets and
phenotypes of interest. Hundreds of novel drug-like
ligands have been identified for various molecular
targets in the past few years through reverse, in silico
and forward chemogenomics (TABLE 2). These targets
relate to different disease areas, such as cancer, asthma,
neuroinflammation and hyperthyroidism. Finally,
chemogenomics can be used to understand the mecha-
nism of drug action, which also includes finding genetic
markers of drug susceptibility (TABLE 2). For example,
the complex molecular effects of rapamycin (an antibi-
otic derived from Streptomyces hygroscopicus that has
anti-fungal, anti-inflammatory, anti-tumour and
immunosuppressive properties) and wortmannin (a
fungal metabolite isolated from Penicillium wortmanni
that has anti-neoplastic and radiosensitizing effects)
were recently examined in a chemogenomics fashion
using homozygous and heterozygous collections of the
yeast S. cerevisiae: defined and known regions of the yeast
genome had been deleted and targets were identified on
the grounds that a yeast strain bearing a deletion in a gene
that encodes a protein target is more resistant to treat-
ment18,21. Similarly, the heterozygous yeast-deletion
model has been recently used to identify gene products
that functionally interact with various compounds,
including anticancer, antifungal and anticholesterol
agents35. The published data show signs of promise for
all three aspects of chemogenomics.

Combining forward and reverse chemogenomics. Several
studies stress the power of combining forward and
reverse chemogenomics in concurrent target and drug
discovery.As such, targets identified for lead compounds
by phenotypic screening have been subsequently used
to develop more potent synthetic analogues by HTS20,36.
To take a specific example, sequential forward and
reverse chemogenomics have led to the initial identifi-
cation of histone deacetylase (HDAC) and the subse-
quent development of HDAC inhibitors, such as
depsipeptide, sodium phenylbutyrate, CI-994 and
suberoylanilide hydroxamic acid (SAHA)37–39. Clinical
testing of these compounds has already begun in
patients with advanced solid cancers, peripheral and
cutaneous T-cell lymphoma, acute myeloid leukaemia
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alterations will have to be developed. This, in turn, brings
with it practical concerns related to cost implications.

Selective targeting of specific cancer alterations can
meanwhile be a daunting task. For example, considerable
work on kinase gene families53 has led to the design of
supposedly target-selective kinase inhibitors. However,
all these inhibitors run the risk of interacting with addi-
tional targets. One way, albeit a costly one, to understand
how these compounds interact with potentially many
gene products would be to carry out chemogenomic
profiling of candidate anticancer compounds against the

modify cellular processes in such a way that it will cure
most cancer diseases. Although cancers might initially
arise as a result of a single-gene mutation, subclones
form as the tumour progresses and additional genetic
alterations accumulate51. Therefore, despite some pub-
lished examples in which molecular correction of a sin-
gle genetic alteration can bring about a therapeutic
effect52, the more likely situation is that a panel of drugs
will be necessary to achieve a durable anticancer effect.
This means that hundreds of small-molecule drugs
with specific activity against the most prevalent genetic
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Figure 2 | Predictive chemogenomics model. The diagram shows an ‘information-intensive approach’ — originally proposed by
Weinstein et al.73 — to organize and inter-relate potential therapeutic targets, potential therapeutic drugs and molecular substructure
classes. The principal aim of this approach is to identify relationships between the structural characteristics of compounds and the
features of genes or gene products in cells (such as their patterns of expression) that might predict compound activities. Three
databases (top row) are integrated to generate predictions about gene–compound relationships (bottom row): a target database of
gene–disease correlations, a ligand database of compound activity–disease correlations and a descriptor database that includes
compound–molecular structure correlations. Such predictive coupling of genomic and chemical information might allow genes that
are selectively expressed in a tumour to be correlated not only with the compounds themselves but also with the subclasses and
substructures of these compounds. This information can then be used to identify classes of compound for which detailed
experimental structure–activity studies might be fruitful78. The Iconix Drugmatrix™ and the Cerep Discovery™ Bioprint matrix are
two industrial implementations of the original National Cancer Institute (NCI) concept117: the Iconix Drugmatrix is a database that
contains pharmacological and gene-expression profiles, as well as literature information of approximately 800 benchmark drugs,
whereas the Cerep Bioprint matrix is a pharmacoinformatics system with a strong focus on G-protein-coupled receptor
pharmacology and structure–activity data (see online links box).
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RELEVANCE NETWORK ANALYSIS

An analysis technique that is
used to find functional genomic
clusters by initially linking all
genes in a data set by
comprehensive pair-wise mutual
information and then isolating
clusters of genes by removing
links that fall under a threshold.

the molecular targets and modulators of activity in the
cancer cells. In practical terms, initial experimental
screening provides correlations between tumour–gene
and tumour–compound pairs. In silico modelling then
allows the correlative significance of individual gene-
expression and compound-activity profiles to be ranked,
and, finally, to identify candidate genes that are associated
with compound susceptibility (FIG. 2).

A predictive chemogenomics model that is widely
used in cancer research consists of the genomic profiles
of the NCI60 (REF. 72) and the activity pattern of more
than 70,000 potential anticancer compounds derived
from the DTP database. This is an open repository of
more than 600,000 compounds that consists of both
synthetic and fully characterized, pure natural prod-
ucts; of these, sufficient quantities of approximately
140,000 compounds are available for the extramural
discovery and development of new agents for the treat-
ment of cancer, AIDS or opportunistic infections73. By
identifying many gene–compound relationships70,71,
this model has shown that the integration of large
genomic and molecular pharmacology databases might
provide a valuable screen for predicting genes that
underlie susceptibility to a particular compound.
Additional sophisticated computational models have
used this system to generate further regulatory genetic
information74–76. For example, RELEVANCE NETWORK ANALYSIS,
which allows individual genes to be directly or indi-
rectly linked to other genes as well as to phenotypic
measurements, has been used to deduce functional
relationships between compound susceptibility and
genomic profile in the NCI60 (REF. 76). Such relevance
networks75,76 offer a method to construct networks of
similarity across disparate biological measures (FIG. 3).

Here, so-called ‘nodes’ (for example, genes or com-
pounds) with varying degrees of cross-connectivity are
displayed, which represent features that are not only
associated pair-wise, but also in aggregate.

Predictive chemogenomic approaches in the NCI60
have been recently extended to include structure-based
descriptors77. The coupling of gene-expression levels, cor-
responding compound activity values and binary indices
of the occurrence of thousands of compound substruc-
tures and chemical descriptor features has identified
classes of compound for which detailed experimental
studies might be fruitful78.

Implicit in the goal of predictive chemogenomics is
the notion that the activity of a potential anticancer
compound can be predicted by genome-wide gene-
expression patterns. The above studies lend support to
the premise that connections can be created between
genomic data sets and pharmacology data sets that allow
gene–compound relationships to be easily explored and
genomic data to be linked to the drug-discovery and
development processes. However, it is widely appreci-
ated that protein levels can vary significantly among
genes that have similar mRNA-expression profiles and,
in turn, that there can be a significant variance in the
mRNA levels of proteins that are expressed with com-
parable abundance79; this means that the linking of
genomic and compound activity–structure data sets

primary therapeutic target, as well as against thousands
of related targets. Such an approach should help to drive
informed decisions on which compounds have the
largest potential for therapeutic success.

Predictive chemogenomics in cancer research. Predictive
chemogenomics strategies have been extensively used in
cancer research to determine the relationship between
genes, compounds and phenotypes. Using this approach,
it has been possible to generate integrated databases 
of compound–gene interactions by experimental profil-
ing54–69, and libraries of thousands of anticancer com-
pounds have been indirectly screened against the
genomes of cancer cell lines. Such models have linked
bio- and chemoinformatics by integrating databases
that contain global gene-expression information and
those that contain information on compound effective-
ness, allowing compound–gene relationships to be
inferred70,71. These models are grounded in the premise
that similarities in cellular response patterns that are
derived from genomic measurements and chemical
screens represent associations between gene products
and chemical activity. In other words, the relationship
between patterns of gene expression and patterns of
activity of compounds might provide incisive information
on the mechanism of action of the compounds and on
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Positive correlation
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Negative correlation
between genes

Positive correlation
between gene and
compound
Negative correlation
between gene and
compound
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between compounds

Figure 3 | Relevance network between genome and drug effect. A gene regulatory network
of compound susceptibility — a chemical genetics network — can be constructed from the
integrated databases in FIG. 2; that is, by incorportaing baseline target expression and measures
of drug activity in the same study system. Feature pairs include gene–compound, gene–gene and
compound–compound relations. 
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might fail to extract meaningful information for drug
discovery and for predicting the susceptibility of a cell or
an organism to a compound.

Challenges and limitations
Chemogenomics is one example of the many innovative
platforms that pharmaceutical and biotechnology
research have generated to accelerate the pace of drug
discovery. Such combined efforts have been motivated
by the assumption that the judicious application of
genomics can help to improve efficiencies throughout
the drug-discovery process — for example, by identify-
ing candidate failures early in the process — before
moving into expensive later-phase trials.

However, the decreased output of commercialized
drugs during the past few years indicates that genomics
might currently be doing more to hinder drug-discovery
programmes than to stimulate them. The sheer volume
of data that are generated by chemogenomic analyses
creates a gap between drug discovery and drug develop-
ment. Considering that an important driving concept
of chemogenomics is to reduce the time taken for drug
development, it is under tremendous pressure to
deliver some valid results quickly. Therefore, current
chemogenomics programmes are anxiously seeking
to accelerate their throughput at every stage of the
drug-development process.

Hit selection and validation. HTS often generates an
enormous number of hits. In addition, HTS data are
noisy and error prone and include a substantial portion
of false-positive and false-negative hits. This presents two
main challenges: how to mine the large data sets to iden-
tify those hits with the greatest potential as leads and how
to weed out false-positive hits. It is generally agreed that
the bottleneck that is created by genomics-based drug
discovery occurs not because the process fails to identify
hits but because of the slow process of optimizing and
validating them — that is, it is improving their ADMET

PROPERTIES37 and determining whether they can convinc-
ingly reverse or ameliorate a disease state80. Negligent hit
validation often occurs at the expense of taking com-
pounds through development, only to later fall short of
success.Validation is not always straightforward, however,
as sufficient biological information about many targets is
often lacking and, in turn, for many new targets with true
disease impact, leads cannot be identified or optimized
because of the increasing sizes and concurrent stagnating
diversities and complexities of chemical libraries.

The design, adaptation and refinement of sophisti-
cated ‘front-end’ computational approaches that can
assist in making an informed, quick decision as to
which hits should be pursued will be crucial for the
success of chemogenomics. Statistical and chemoinfor-
matics approaches for assessing the quality control of
HTS data and for mining their chemical and biological
information have been developed, for example, by
incorporating pattern-detection methods for the
identification of pipetting artefacts or for the detection
of chemical-class-related effects. The development of
chemoinformatics methods and procedures, such as

RECURSIVE PARTITIONING, PHYLOGENETIC-LIKE TREE ALGORITHMS

or BINARY QUANTITATIVE STRUCTURE–ACTIVITY RELATIONSHIPS

(QSARS)81–87, which support the automatic identifica-
tion of hits that are frequently identified by HTS, false
positives and negatives, as well as structure–activity
relationship (SAR) information, is essential for generat-
ing knowledge from HTS data83,88–90. The myriad efforts
that surround the design of appropriate analytic tools
have to cope with the difficulty of integrating disparate
types of information, especially PARSING and assimilating
both chemical and genomics information data (tools
such as Scitegic Pipeline pilot or Kensington Inforsense
provide the required integration concepts (see online
links box)).

Data integration. Chemogenomics-orientated drug-
discovery programmes face many data-management
challenges, which have partly been met by the recent
development of innovative ‘biochemoinformatics’ (or
pharmacoinformatics) platforms91. These INTEGRATION

PLATFORMS aim to collect, store and disseminate diverse
data sets — such as combinatorial library diversity data,
small-molecule chemical structure and biomolecule
protein structure data, annotation information, HTS
bioassay data and imaging data — in as efficient and
productive a manner as possible and to maximize the
potential of these data sets.

In particular, integrating information about ligands
and targets is complex. This process is related to the cur-
rent bioinformatics project to create ontologies for pro-
teomics, the aim of which is to generate a systematic
definition of the structure and function of all proteins in
a genome92,93. The key difficulty lies in integrating two
ontologies — one for protein structure and the other for
protein function — that have been developed separately
and remain largely isolated92. The description of active
sites and binding sites in protein structures is recognized
here as one potential connection point that describes
the protein function. Classifications that are based on
molecular interactions92,94, in which each protein is asso-
ciated with a vector that consists of the probability of
binding to various ligands — the central chemoge-
nomics idea — might therefore become prominent in the
future94. The emphasis on protein-structure similarity is
recognized here as a guiding principle95. The establish-
ment of standardized molecular informatics platforms
and real drug-discovery ontologies at the genome level
— that integrate the relevant chemical and biological
knowledge — is therefore pursued by the academic and
industrial drug-discovery organizations and by compa-
nies that are involved in informatics-based discovery96–98.

Knowledge-based chemogenomics companies are
currently developing comprehensive molecular infor-
mation systems for several target classes, including 
G-protein-coupled receptors, kinases, ion channels and
proteases. Their main contribution has been to integrate,
in a comprehensive manner, data from patents and
selected literature, including two-dimensional structures
of the ligands, target sequence and classification, mecha-
nisms of action, structure–activity data, assay results
and bibliographic information, together with chemical

ADMET PROPERTIES [AND

MECHANISMS]

The absorption, distribution,
metabolism, excretion and
toxicity (ADMET) are
fundamental pharmacokinetic
properties that determine the in
vivo efficacy of a drug, together
with its intrinsic biological
activity on the target.

RECURSIVE PARTITIONING

A process for identifying
complex structure–activity
relationships in large sets by
dividing compounds into a
hierarchy of smaller and more
homogeneous subgroups on the
basis of the statistically most
significant descriptor, such as
structure fragments.

PHYLOGENETIC-LIKE TREE

ALGORITHM

A method for analysing a data
set of molecules that assists in
identifying chemical classes of
interest and sets of molecular
features that correlate with a
specified biological feature by
combining elements of neural
nets, genetic algorithms and
substructure analysis.

BINARY QUANTITATIVE

STRUCTURE–ACTIVITY

RELATIONSHIP

A method to assign probabilities
of activity to compounds by
establishing associations
between structural features and
molecular properties of these
compounds and their biological
activities.

PARSING

A process by which
programming data is broken
into smaller, more distinct
chunks of information that can
be more easily interpreted and
acted on.

INTEGRATION PLATFORMS

A software system that connects
different data domains and
analysis applications under one
graphical user interface.



©  2004 Nature  Publishing Group
NATURE REVIEWS | GENETICS VOLUME 5 | APRIL 2004 | 273

R E V I EW S

can be systematically examined. With a recent trend in
chemogenomics to focus on data quality rather than on
the number of data points that can be generated, judi-
cious selection of compounds for screening will become
increasingly important; this will dictate the extent of
screening activity and the value of the hits — both cru-
cial variables of cost-efficient chemogenomics.Although
powerful bio- and chemoinformatics tools might be
developed in the future to provide the desired link
between genomic and chemical space, the success of
chemogenomics will not only depend very much on
progress in overcoming current methodological obsta-
cles but also on what can realistically be done within
the limits of available budgets. Finally, supporters of
chemogenomics as a means to revolutionize disease
treatment will ultimately need to face the fact that — as
with traditional drug-development approaches — any
discovered targeted therapeutic candidate for clinical
use must undergo rigorous testing in clinical trials,
which can be prohibitively expensive.

and biological search engines. Further academic and
commercial programmes are gathering information
on other types of target, such as those involved in adverse
reactions99,100, in ADMET mechanisms and those that
define metabolic and signalling pathways101,102.

Conclusions
How effective chemogenomics will be at generating new
treatments across various disease areas remains to be
seen. The explosion in the data that has been made
available by chemogenomics is yet to create a commen-
surate increase in the efficacy of the drug-discovery
process. Refined chemogenomics strategies will require
a better integration of data by new informatics tools and
more thorough validation of hits. Beyond proper bio-
logical mechanistic target validation and progress in data
mining, the challenge reverts to drug-discovery chem-
istry to create diversity-enriched compound libraries,
specifically to provide ligands for the genetic sequences
with which their biological and pharmacological impact
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