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Chemogenomics: structuring the drug
discovery process to gene families

C. John Harris and Adrian P. Stevens

BioFocus DPI, Chesterford Research Park, Saffron Walden, Essex, CB10 1XL, UK

In the post-genomic era, if all proteins in a gene family can putatively be identified, how can drug
discovery effectively tackle so many novel targets that might lack structural and small-molecule
inhibitory data? In response, chemogenomics, a new approach that guides drug discovery based on gene
families, has been developed. By integrating all information available within a protein family (sequence,
SAR data, protein structure), chemogenomics can efficiently enable cross-SAR exploitation, directed
compound selection and early identification of optimum selectivity panel members. This review
examines recent developments in chemogenomics technologies and illustrates their predictive
capabilities with successful examples from two of the major protein families: protein kinases and

G-protein-coupled receptors.

The sequencing of the human genome [1,2] has led to the
identification of ~20,000-25,000 genes in human DNA [3]. This
groundbreaking achievement has meant that it is now possible to
identify all proteins that derive from a common gene family (more
correctly, protein family). With so many new potential protein
targets, drug design strategies now need to be capable of coping
efficiently on the genomic scale. For example, how can novel
protein family members, that might lack both structural and
small-molecule inhibitor data, be explored? In response to this
challenge a new field of informatics has emerged, termed chemo-
genomics. In this article, we review this new field and the variety of
strategies that have surfaced.

Chemogenomics

Chemogenomics has been described as ‘the discovery and
description of all possible drugs for all possible drug targets’ [4].
However, in practice it is perhaps more useful to consider chemo-
genomics as an approach that structures the early-stage drug
discovery process in conjunction with gene (or, more correctly,
protein) families. In essence, it represents a strategy to improve the
efficiency of early-stage discovery through the synergistic use of all
information across the target family (an excellent review of the
field can be found in Ref. [5]). Chemogenomics, where analysis
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does not depend on knowledge of biological function, offers a
complementary approach to the more traditional approach that is
based on therapeutic areas, where genomically unrelated targets
are addressed together. Organizing early-stage drug discovery
research by gene family can significantly enhance the efficiency
of drug design. It has often been observed that compounds
designed and synthesized against one protein target can have
useful activity against other family members. Indeed, members
of the same protein family often exhibit similar biochemical and
pharmacological characteristics and can share important practical
aspects, such as in vitro assay conditions. Clearly, recognizing and
reusing such similarities in early-stage drug discovery can have
obvious benefits in terms of efficiency.

One area where efficiency can be improved is in the
development of leads with selectivity against multiple proteins
within the same gene family. By identifying all members of a gene
family and classifying them into subfamilies, common elements
and patterns in the sequence and tertiary structures that can be
exploited in drug design are revealed. In contrast to conventional
phylogenetic classifications, which utilize the entire protein
sequence, chemogenomics strategies effectively redefine the
exploitable biology space of the gene family, by focusing on
known small-molecule binding sites. These are typically well-
conserved within a gene family, and the resultant classifications
are often distinct from phylogenetic ones.
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GLOSSARY
Common similarity metrics

A number of metrics have been developed that measure the
relationship between binary strings of equal length. The
following examples detail three of the most common metrics
employed:

Tanimoto similarity coefficient (Simy=C/(A + B — C)):
where A and B are the number of bits set to 1 in each of the
bitstring descriptors, respectively, and C is the total number
of common bits set to 1 in both descriptors. The resulting
Tanimoto score is bounded between 0 and 1. If Simy = 1 then
the two descriptors are identical.

Hamming distance coefficient (Simy =A + B — (2C)):
where A and B are the sum of bits set in each of the bitstring
descriptors, respectively, and C is the total number of
common bits set in both descriptors. The resulting Hamming
score is bounded between 0 and (A + B). If Simy = 0 then the
two descriptors are identical.

Cosine similarity coefficient (Simc = C/(A x B)''?): where A
and B are the number of bits set to 1 in each of the bitstring
descriptors, respectively, and C is the total number of
common bits set to 1 in both descriptors. The resulting
Cosine score is bounded between 0 and 1. If Sim¢ = 1 then
the two descriptors are identical.

Conceptually, linking chemical ligand space with biological
target space offers the opportunity for the translation of SAR data
derived for one target to be utilized with a new target. However,
the conceptual validity and, indeed, the practical success of these
links are both largely dependent on the availability and quality of
the protein structure and biological activity data used to define
each space. Thus, chemogenomic-based strategies that attempt to
predict these links have only been reported for those gene families
for which there is either extensive crystal structure or, alterna-
tively, mutagenesis data available, and where significant drug
activity data have also been compiled. In the following section
a selection of these predictive technologies is discussed.

Predictive chemogenomics strategies

In the past few years, several predictive chemogenomics
drug-design approaches have been reported in the literature
(see, for example, Refs [6-24]). The majority have been developed
around a single target class, typically protein kinases (PKs), G-
protein-coupled receptors (GPCRs) or nuclear hormone receptors
(NHRs). These approaches tend to be tailored specifically to the
target class, each exploiting (in different ways) the particular range
of available small-molecule SAR information and protein struc-
tural data. However, many of the reported methodologies are not
readily transferable to other target classes and are thus restricted in
their chemogenomics scope. Indeed, some generalized but infor-
mative approaches, having utility across multiple target classes,
have been reported. For example, in the work of Schuffenhauer
et al. [6], on four major target classes: enzymes (e.g. PKs, proteases,
etc.), GPCRs, NHRs and ligand-gated ion channels (LGICs).

To date, the majority of predictive chemogenomics strategies
have focused on just two protein families: PKs and GPCRs. Vast
volumes of detailed and high quality drug affinity data have been
reported for both of these protein families. However, the two

families differ greatly in terms of the level of structural under-
standing and quantity of experimental structure data that are
available. In the case of PKs, in excess of 300 crystal structures
of some 50 kinases have been deposited in the Protein Databank
(http://www.rcsb.org), including apo forms and numerous
liganded structures. By contrast, for GPCRs only one member of
the mammalian family, bovine rhodopsin [25], has been structu-
rally characterized. As a consequence, the chemogenomics strate-
gies for each class have evolved to accommodate these differing
levels of structural knowledge.

Protein kinases
PKs represent one of the largest protein families in the human
genome with current estimates, in the absence of mutants and
splice variants, running in excess of 500 members [26]. These
enzymes play a pivotal role in intracellular signalling, gene expres-
sion regulation, cellular proliferation and cell differentiation.
Protein kinsases function by catalyzing the transfer of the
v-phosphate of ATP to specific amino acid residues of protein
substrates that then become activated or otherwise-modified to
perform a specific cellular function [27,28]. Not surprisingly,
dysfunctions of PKs are associated with numerous severe patho-
logical states and specially designed small-molecule inhibitors
have several potential therapeutic applications, notably in the
areas of diabetes, immune diseases and cancer [29-33].

PKs are characterized by the presence of a conserved catalytic
unit, comprising two structural lobes (Figure 1). The N-terminal
lobe is composed mainly of B-sheets, whereas the C-terminal lobe

7/

C—terminalf. i~
domain
W\ €
¥
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ATP binding
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N-terminal
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FIGURE 1

Example of the 3D structure of the protein kinase catalytic domain.
The catalytic subunit is structurally well conserved among members of the
superfamily, and comprises two major domains. The N-terminal domain is
composed primarily of B-sheets and the C-terminal domain is dominated by
a-helices. They are joined by a polypeptide strand that functions as a hinge,
allowing the two domains to rotate with respect to one another. The binding
site for ATP is located at the interface of these two domains and this site,
together with less-conserved surrounding pockets, has been the major focus
of small-molecule inhibitor design [34].
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is dominated by a-helices. The two lobes are linked by a polypep-
tide strand that functions as a hinge, allowing the two domains to
rotate with respect to one another. To date, small-molecule mod-
ulation of kinase activity has mostly been found to block ATP
binding to the catalytic cleft [34], which is located between the two
lobes. Although the general topology of the ATP-binding site is
similar across the protein family, subtle differences in subsite
conformation and electronic properties, resulting from side-chain
differences, can be exploited for selective kinase drug-design pur-
poses. As a result, several potent, selective ATP-site-directed inhi-
bitors have been developed for a wide-range of therapeutically
important kinases [34,35]; for a good introduction to PK structure,
function and inhibition the reader is directed to Refs [35-37].

Ligand-centric approaches

Some of the earliest predictive chemogenomic strategies for PKs
centred around the concept that an affinity profile of diverse
ligands could be used to measure protein similarity [38]. Later,
it was proposed that a classification of kinases based on their

inhibition by ATP-competitive inhibitors would be different from
groupings derived from sequence homology [39]. ter Haar et al. [8]
used the affinity profiles of a set of 19 ligands to reclassify a diverse
set of 14 PKs, and presented the results as SAR-based dendrograms.
This concept was subsequently extended further by Vieth and
co-workers [9,10], who reclassified 43 PKs using published selec-
tivity data derived from >1400 inhibitory ligands. A comparison of
this new SAR dendrogram with a conventional phylogenetic
representation (Figure 2) illustrates that the SAR-based clusterings
differ from the sequence-based clusters because of the existence of
relationships between groups of targets from different subfamilies.
For example, glycogen synthase kinase-3p (GSK3pB) appears to be
unrelated to the cyclin-dependent kinases (CDKs) in the phylo-
genetic classification but, by contrast, it is closely related to them
in the SAR-based classifications. Each of these two representations
provides a different but equally valid view of the relationships.
Furthermore, they are actually complimentary and potentially
enrich the medicinal chemical understanding of the protein
family.

(a)

= PRKAGA/PKACa
= ZAP70
= SRC

(b)

FIGURE 2

lllustration of the relative cluster-based classifications of 43 protein kinases. (a) SAR-based characterization and (b) conventional phylogenetic
analysis using a core set of 22 amino acids from the ATP-binding site. This latter set of amino acids was determined based on a review of the interaction frequency
of amino acids with small-molecule ATP-binding site inhibitors in all available X-ray structures. In each instance, protein members observed in the same
cluster have been coloured equivalently. Reproduced, with permission, from Ref. [9].
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Sequence-based approaches

The studies above illustrate how SAR data can be successfully used
to reclassify individual members of a protein family based on their
differential ability to bind a range of small-molecule inhibitors.
However, this strategy is limited to those protein family members
where sufficient selectivity data have been generated and it cannot
be used to predict the selectivity profiles for other members of the
protein family. Thus, several groups have explored the direct use of
the protein sequence data as a tool for predicting protein affinity
profiles.

An excellent example of such a sequence-based chemogenomic
strategy for PKs is the structural interaction fingerprint (SIFt™)
approach developed by Deng and colleagues [11-13]. The key to
this approach is the generation of an interaction fingerprint that
converts the 3D structure of the binding site into a 1D binary
string. Using 34 amino acids to define the boundaries of the
binding site, a bitstring descriptor (the interaction fingerprint)
for each protein member is derived from the concatenation of a 7-
bit interaction descriptor for each of the 34 amino acids. This
SIFt™ interaction fingerprint can be treated as every other binary
statistical descriptor and, thus, applied mathematically in a range
of QSAR studies. For example, use of a similarity metric such as the
Tanimoto score (please see Glossary) for each pairwise comparison
of two kinase binding sites provides a distance matrix of simila-
rities for every PK. This can be used in the same way as the SAR-
based protein similarity studies to reclassify protein family mem-
bers. However, because this approach does not make direct use of
SAR data to guide the classification, the level of agreement
between this and direct SAR-based strategies can vary for more-
distantly related kinases.

A related sequence-based strategy has been developed by
Stevens et al. [14]. Based on observations, from a wide-range of
reported crystal structures, that the activated or partially activated
conformation of the ATP-binding site when it is occupied with a
bound inhibitor is broadly the same for all kinases, a generalized
small-molecule binding site model was developed using a set of 31
residues (Figure 3a). Termed a 2D Roadmap™, it is applicable to all
kinases within the gene family, requiring only the appropriate
aligned kinase sequence to project a 2D map of key ligand-binding
features. This representation of the active site was arranged so that
inhibitors could also be represented in 2D, without losing implied
conformational information. The model provides a rapid, simple
and consistent method of representing binding-mode data for a
series of kinases from in silico docking studies or crystallographic
studies.

In common with the interaction fingerprint concept of Deng
et al., the 2D roadmap™ model has been used as the basis for a
novel sequence-centric classification of PK similarity, termed
Kinome Similarity Analysis™, (KSA™). However, a major differ-
ence between the KSA™ approach and the SIFt™ approach is its
use of a weighting factor on the amino acid bitstrings. Amino acids
that have side-chains (defined here as the C,—Cg vectors) generally
pointing into the ATP-binding site are more likely to participate in
side-chain-based interactions with a ligand. Variations in these
residues among kinases could be likely to account for differences in
potency and selectivity of inhibitors. Weights were assigned to the
ATP-binding site residues based on two factors: the propensity of
the amino acid C,-Cg vector to orient into the ATP-binding site;

and evidence of strong correlations in amino acid type with
ligand-binding SAR. Application of the Hamming metric (please
see Glossary) to all pairs of amino acid bitstring descriptors gave an
amino acid distance matrix from which the difference in character,
attributed to any change in a particular amino acid within the ATP-
binding site, could be estimated. Reduction of the matrix (which is
an array of ~500 x 500 members) to, for example, two dimensions
enables it to be represented graphically and, thus, yields a novel
insight into the variability in molecular recognition events
between family members. An example of such a plot for the
ATP-binding-site view [using multidimensional scaling (MDS), a
set of statistical techniques often employed in data visualization,
mapping similarities and dissimilarities in matrices into lower
dimensional space] is illustrated in Figure 3b. It is interesting to
note that several clusters are observed that seem to be roughly
equivalent to the Sugen and Hanks phylogenetic-based classifica-
tions [26,40]. This is somewhat surprising given the reduction in
this model of the kinase catalytic domain from ~300 residues to
~31 residues and the associated encoding of residues.

GPCRs

Historically, GPCRs are the most commercially important class of
drug targets. It is estimated that ~30% of the best-selling drugs act
via modulation of GPCRs [41]. GPCRs are membrane-bound recep-
tors that transduce extracellular signals to an intracellular
response via interaction with guanine-nucleotide binding proteins
(G-proteins). The range of physiological stimuli is highly diverse,
ranging from photons to peptides and glycoproteins. Given their
pivotal role in many intracellular signalling pathways, GPCRs
continue to be of major interest for drug discovery.

Excluding olfactory receptors, it is estimated that there are ~360
druggable GPCRs, comprising three major subfamilies: class A
(rhodopsin-like receptors), class B (secretin-like receptors) and
class C (metabotropic glutamate-like receptors). Although a sig-
nificant degree of similarity can be observed within each class,
across classes GPCRs do not generally share any overall sequence
homology. Despite this, GPCRs show a considerable level of
structural conservation within the transmembrane domain. This
domain is characterized by the presence of seven transmembrane-
spanning (7TM) a-helices linked alternately by intracellular and
extracellular loops (Figure 4; a good introduction to GPCR struc-
ture and function can be found in Refs [42,43]).

In contrast to PKs, the structure of only one mammalian GPCR,
bovine rhodopsin [25], has been reported. Furthermore, this struc-
ture represents a GPCR in the inactivated state and is also unusual
in that it has a covalently linked ligand. Because of the technical
difficulties associated with obtaining the structure of membrane-
bound proteins, experimental techniques, such as site-directed
mutagenesis, have been used extensively to identify the domains
and residues involved in ligand binding. The interpretation of
mutagenesis data is not trivial, for example, in most cases it must
be assumed that point mutants affect ligand binding only via
direct disruption of the protein-ligand interactions, and not via
indirect effects on the conformation of the GPCR. However, the
general consensus is that the majority of small-molecule drugs
bind to GPCRs within the 7TM domain [44]. This represents
something of a fortuitous phenomenon for rational drug design
given that the 7TM architecture is structurally conserved across
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FIGURE 3

Examples of different chemogenomic-based representations of protein kinases. (a) An example of the generalized small-molecule binding

site model (or 2D-Roadmap™) for cAMP-dependent protein kinase a (PKACa; KAPCA_HUMAN; accession number P17612). This model can be readily applied
to all protein kinases, requiring only the appropriate aligned kinase sequence to project the 2D map of key ligand-binding features. To discriminate between
ligand occupancy of different subregions of the ATP-binding site, the map is divided into subpockets using ATP as a reference ligand. On this basis, the scaffold
(adenine)-binding, ribose-binding, and phosphate-binding subpockets are defined together with the two additional subpockets, labelled lipophilic and
solubilizing, which are often occupied by ATP-competitive inhibitors but not ATP itself. To aid visual distinction of each of these subregions each one has been
coloured differently. Furthermore, associated amino acid residues that form each subregion are coloured accordingly. (b) An illustration of a ligand-centric
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FIGURE 4

lllustration of the 3D structure of bovine rhodopsin (Protein
Databank code: 1U19) that displays the characteristic seven
transmembrane-spanning (7TM) «-helices linked alternately by
intracellular and extracellular loops. Although bovine rhodopsin
currently represents the only example of a mammalian G-protein-coupled
receptor (GPCR) that has been resolved structurally [25], its 7TM architecture
is considered to be representative of all GPCRs [42,43]. This represents
something of a fortuitous phenomenon for rational drug design because the
consensus from experimental techniques such as site-directed mutagenesis
has been that the majority of small-molecule drugs bind to GPCRs within this
7TM domain [46].

the GPCR gene family, and chemogenomics approaches based on
this architecture are therefore possible.

Aminergic GPCR-based chemogenomic approaches
An excellent example of a GPCR chemogenomic strategy, target-
ing biogenic amine GPCRs, has been developed by Jacoby and

colleagues [16-18]. These studies focused on examination of the
small-molecule ligands that interact with the biogenic amine
subset of GPCRs in relation to the amino acid residues that form
the binding microenvironment within the 7TM region. This
resulted in the development of a three-site binding hypothesis,
consisting of the 5-hydroxytryptamine (5-HT) site, the proprano-
lol site and the 8-hydroxy-2-di-n-propylamino-tetralin (8-OH-
DPAT) site. These sites were subsequently further defined in terms
of their sequence similarity, and the derived definitions were used
to characterize a set of 50 GPCRs in terms of the presence or
absence of these three sites. The significance of this approach is
that GPCRs could be characterized without knowledge of any
ligand. Thus, orphan receptors, whose endogenous ligands are
not known, could be classified just as readily as those for which the
natural ligand is known.

Another approach to the characterization of biogenic amine
GPCRs has been produced by Klabunde and Evers [19]. Their
primary aim was to improve the clinical safety profile of com-
pounds progressing to development candidate status, by early
identification of their putative off-target affinities. The work
focused on developing models for three key GPCRs that are
central in several physiological cell-signalling processes: oja
adrenergic, 5-HT,, serotonin and D2 dopamine receptors. The
chemogenomic step in the development of these anti-
target models was the derivation of a set of topographical inter-
action models for each receptor, to which representative drug
pharmacophores were mapped by the association of putative
interaction points; an example is illustrated in Figure S5a.
Although the published work focused on just three common
receptors, the protein features identified in these topographical
maps could be readily searched and matched across other
family A GPCRs.

Expanding predictive chemogenomic models to all
family A GPCRs

In an approach more analogous to those of Deng and Stevens
(described previously), Frimurer et al. [20] adopted a descriptor-
based classification of family A GPCRs, termed physicogenetic
analysis. Based on conventional site-directed mutagenesis and
site-directed metal-binding-site engineering studies (for a descrip-
tion see Ref. [44]), a core set of 22 ligand-binding amino acids were
identified within the 7TM domain. An empirical 5-bit bitstring was
applied to encode the primary drug-recognition features of the
amino acids (e.g. hydrophobic, aromatic, positive charge, negative
charge and polar interactions) and the resultant distance matrix
for GPCR similarities was calculated using the Cosine metric
(please see Glossary). Thus, in common with both of the afore-
mentioned PK strategies, it was subsequently possible to quantify
the similarity of one receptor-binding site to other receptor-
binding sites.

classification of protein kinases, using the Kinome Similarity Analysis™ (KSA™) approach [14,15]. In this approach, each amino acid that defines the bounds of the
ATP-binding site is converted into a bitstring that represents its potential type of ligand contacts (e.g. charge, H-bonding, aromatic, lipophilic contact, etc.).
Pairwise comparison of the bitstrings for all kinases generates a distance matrix that can subsequently be used to investigate the variation in molecular
recognition between family members for small-molecule drugs. Reduction of this matrix (which is an array of ~500 x 500 members) to, for example, two
dimensions using appropriate data visualization techniques (in this case, multidimensional scaling) enables it to be represented graphically. The illustrated plot for
the ATP-binding-site view using multidimensional scaling reveals several clusters that seem to be roughly equivalent to the Sugen and Hanks phylogenetic-based
classifications [26,42]. This is somewhat surprising, given that in this model the kinase catalytic domain is reduced from ~300 residues to ~31 residues and the

associated encoding of residues.
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Usefully, Frimurer and colleagues also modelled the generic
binding site via helical-wheel projections [45] (Figure Sb). This
has the advantage that the spatial relationship between the bind-
ing site residues can be appreciated (at least at an empirical level)
without the requirement to derive a homology model.

The concept of relating GPCRs via a generic small-molecule
binding site model has been extended by several other groups. For
example, Rognan and co-workers [21] developed a sequence-based
classification approach across all major GPCR classes. Residue
positions within the 7TM-binding cavity (considered relevant to
the binding of inverse agonists and antagonists) were identified
using the crystal structure of bovine rhodopsin. Using this
approach, 369 GPCR receptors were clustered using a sequence
identity score for similarity. Notably, the hierarchical clustering of
the GPCRs using just 30 residues correlated well with the classical
phylogenetic clustering, which is based on the full 7TM sequence.
In this case, the key chemogenomic step was to exploit correla-
tions in privileged ligand motifs with conserved sequence motifs,
or ‘hotspots’, within the GPCRs [46]. This was illustrated in a
comparative study to research reported by Bondensgaard et al.
[46], where the structure recognition behaviour of a set of biphe-
nyltetrazole and biphenylcarboxylic acids to a set of six GPCRs
(AG22, AG2R, AG2S, GHSR, LT4R1 and LT4R2 [47-49]) was
described. From visual inspection of the 30 amino acid binding
site definitions of the cited GPCRs, the same set of key residues in
the 7TM site were rapidly identified. Interestingly, when these
residues were subsequently used as a search query against all 369
GPCRs, to discover other members that might putatively bind the
same privileged structures, a further set of 17 GPCRs were identi-
fied.

A unique development of these chemogenomics strategies is
enshrined in the Thematic Analysis™ approach developed by
Crossley et al. [22-24]. Although the generalized 2D small-mole-
cule binding site in this work is essentially similar to other GPCR
models, albeit simpler, the assessment of receptor similarity has
been separated conceptually from direct sequence-based similarity
comparison. Instead, cliques of amino acids in the binding site
have been assigned to specific themes, in accordance to their
ability to match the physicochemical and electronic properties
of fragments (or motifs) from associated small-molecule drugs.
Once defined, each theme can be used to pattern-search the
sequence of any other GPCR, which can then be classified accord-
ing to the themes it contains. Notably, the approach only requires
the properly aligned sequence information. Thus, it is able to
model orphan receptors as readily as those for which the endo-
genous ligand is known. Furthermore, similar to the work of
Klabunde [19] and Frimurer [20], described earlier, these data
can be mapped on to a generic 3D binding site model (i.e. based
on the rhodopsin structural assumption) to offer a visualization of
the spatial relationship between themes and residues and motifs
and entire ligands; in this way, new drug-binding hypotheses,

based on previously undetected theme combinations, are devel-
oped (Figure 5c).

Application of predictive chemogenomics technologies
The various approaches described herein represent a snapshot of
the chemogenomics strategies now being developed to support
postgenomic drug discovery. By reorganizing SAR, sequence and
protein-structure data in a manner that maximizes their value,
each of these approaches can have real and practical predictive
utility in drug design. Key features are the ability to:

* ‘Borrow’ SAR - this increases the speed of hit-to-lead
programmes by exploiting SAR data from related proteins that
share comparable active-site features.

* Select better screening compounds — obtain enriched subsets of
compounds with increased probability of activity against a
novel protein target. In comparison, in silico strategies typically
rely on the availability of activity data for either the target or
very close homologues to train selection strategies.

* Predict off-target activities — this can enable early identification
of protein family members that are likely to exhibit undesired
affinity for actives against the chosen target. This is of particular
value for the rational selection of selectivity screen candidates,
which, at present, is often based on a divergent range of
nonsystematic protocols.

Conclusions

It is clear that chemogenomics approaches can have real and
practical predictive value in drug design. From the earliest and
rather vague use of the term, chemogenomics (or perhaps more
accurately, chemoproteomics) has matured rapidly into an essen-
tial tool for drug discovery. The SAR-based and sequence-based
strategies outlined in this review provide several advantages to
rational drug-design programmes, but each has its limitations.
Although SAR-based strategies provide excellent opportunities
to relate proteins through their selectivity profiles against test
compounds they are not able to offer predictions for proteins
outside the training set. In comparison, sequence-based strategies
can predict ligand affinity profiles for all members of a protein
family. However, because they are not explicitly trained to repro-
duce SAR-based classifications, they lack the same level of resolu-
tion as the SAR-based approaches. Chemogenomic strategies
that combine the benefits of both approaches will need to be
developed.

Nevertheless, the predictive power of sequence-based methods
is beginning to attract interest in the later stages of preclinical drug
development, where the early identification of off-targets is so
crucial, notably in recent years when several high-profile drugs
have had to be withdrawn from market as a direct result of
unexpected off-target activities, Vioxx® being perhaps the most
prominent example. Current practice in identifying off-targets,
using the kinase field as an example, is to counterscreen

FIGURE 5

Examples of different chemogenomic-based representations of the G-protein-coupled receptor, 5-hydroxytryptamine 2A (5-HT;a;
5HT2A_HUMAN; accession number P28223). (a) The topographical interaction model. Reproduced, with permission, from Ref. [19]; (b) A helical-wheel
projection, with key residues in the binding site highlighted. Reproduced, with permission, from Thue W. Schwartz [45] and Thomas Hogberg at 7TM Pharma. (c)
The logical map model, with key themes identified on the receptor. Essentially, each of the representations of the 5-HT2A receptor illustrated here offers
equivalent information on the putative key residues important for binding small-molecule ligands.
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compounds against very large enzyme and receptor panels in vitro.
Chemogenomics has the potential, yet to be realized, to focus such
counterscreening on the small number of relevant off-targets, thus
saving time and the costs of such large screens. Therefore, a key
challenge for predictive chemogenomics strategies in the future
will be the ability to detect binding site patterns, and thus the
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