
1359-6446/02/$ – see front matter ©2002 Elsevier Science Ltd. All rights reserved.   PII: S1359-6446(02)02530-8

▼ The majority of marketed drugs function
through molecular targets operating in signal
transduction pathways. Recently, crude road-
maps for some of the well-studied pathways
have been presented and reviewed [1]. These
pathways are not simple linear progressions
but involve a significant amount of cross-talk.
This network of biochemical interactions me-
diates the life of a cell from cellular growth
and differentiation to apoptosis. Therefore,
these molecular components have been a rich
source of drug targets [2].

The most popular signal transduction tar-
gets in drug discovery have been the het-
erotrimeric GTP-binding G-protein-coupled
receptors (GPCRs). Over the past 130 years of
drug discovery, ~500 molecular targets have
been identified and nearly 45% of these are
GPCRs [3]. These include modulators of GPCRs,
whose natural ligands are small molecules
(e.g. histamine, serotonin and β-adrenergic 
receptors) and peptides (e.g. opioids). Part of
the success of GPCRs in drug discovery is be-
cause they are expressed at the cell surface
and thus the drug does not have to penetrate
and function inside the cell. In addition,
GPCR–ligand interactions can also be effected

through a variety of mechanisms because
these receptors exist in both agonist and ant-
agonist conformations that are stabilized by
ligands and specific G-proteins [4–5]. Small-
molecule drugs could therefore act as agonists
by providing structural mimics of the natural
ligands that mimic the peptidic ‘message se-
quence’ (e.g. morphine, which mimics the
peptidic sequence found in opioid peptides),
and antagonists can mimic a characteristic
‘address sequence’ [6]. In many cases, the cog-
nate ligand of a GPCR is a small molecule, al-
though GPCRs can provide additional sites for
allosteric modulation, for example, benzodi-
azepine tranquilizers, which effect the GABA
receptors [7]. Several pharmaceutical compa-
nies have used combinatorial chemistry to
generate surrogate ligands for orphan GPCRs
[8,9].

Selectivity among GPCRs is often an issue,
analogous to many target classes that are
promiscuous and abundant in nature.
Combinatorial chemistry can provide thou-
sands of analogs based around a common
core structure, which is often necessary to
produce selective structures. This was exem-
plified in a study that screened a 150,000-
member combinatorial library against CXCR2
(IL8 receptor) and the bradykinin 1 (BK1) re-
ceptor [10]. The library had four positions of
variation (R groups) based around a common
core structure, and was constructed with 31
substituents at R1 and R2, four at R3 and 38
at R4. Each receptor exhibited an active hit-
rate within this library of <0.01% and selected
only a few substituents at each position. For
example, the CXCR2 receptor selected a single
substituent at three of the four R groups, and
the BK1 receptor selected a different set of
substituents. Therefore, clear structural dif-
ferences were observed between the set of 
compounds active at either CXCR2 or BK1.
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is an endeavor that is now more than ten years old. The growth of

chemical libraries together with the influx of novel genomic targets 

has led to a reconstruction of the drug-screening paradigm. The drug

discovery industry faces a post-genomic world where the interplay

between tens-of-thousands of proteins must be addressed. To compound

this complexity, there now exists the ability to screen millions of compounds

against a single target. This review focuses on the practice and use of
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Although derived from the same library, small variations
in the compounds provided structures for each GPCR that
occupied unique regions of chemical diversity and were
therefore highly selective (>100-fold against a panel of 50
molecular targets).

Protein–protein interactions such as the regulation of ty-
rosine kinases by SH2 and SH3 domains are also abundant
in signal transduction pathways, although there has been
no published successes of drugs that effect signal transduc-
tion through these interactions. To date, inhibitors of SH2
domains are either phosphomimetics or peptidomimetics
[11–13]. In contrast to the GPCR target class, the majority
of protein–protein interactions occur within the cell.
However, the physicochemical properties of these mimetic
compounds are not compatible with cell penetration and
hence these compounds often have poor efficacy and oral
bioavailability. The lack of small-molecule inhibitors for
domain–domain interactions could stem from the dynam-
ics of the binding site, which is often large and involves
many weak interactions. The site is not optimized for po-
tency but rather simply provides a potency that is adequate
for a particular cellular pathway. A small-molecule drug
must therefore find new interactions within this site to
compete effectively with natural ligands [14].

The switches capable of turning cellular signals up or
down often involve kinases and phosphatases, and combi-
natorial chemistry has provided several selective small-
molecule inhibitors of these enzymes [12,15–17]. The ma-
jority of structures used in kinase discovery programs are
based on ATP-competitive scaffolds [13], and selective mol-
ecules can be found despite the relatively high conserva-
tion of the kinase ATP-binding domain. Selectivity can be
achieved by binding to idiosyncratic pockets not used by
ATP, as well as by stabilizing the ‘inactive’ conformation of
the kinase. The success of the Bcr-Abl inhibitor Gleevec
(formerly ST-571) [18] is an example of a relatively selec-
tive tyrosine kinase inhibitor that stabilizes the inactive 
kinase conformation. This drug was discovered through
the combination of combinatorial chemistry with HTS.
Similar progress has been made with the serine and threo-
nine class of kinases. Selective mitogen-activated kinase
p38 inhibitors that disrupt cytokine signaling in cells were 
also identified through combinatorial chemistry and HTS
[19,20]. Recently, the phosphatase PTP1B has been sub-
jected to a number of HTS activities owing to its role in 
insulin resistance. A virtual screen of a 150,000-member 
library using the crystal structure of PTP1B bound to pTyr
identified compounds with activity against this phospha-
tase [21]. Similar approaches have been used for the design
and optimization of combinatorial libraries directed at 
kinases [22,23].

Case study of a combinatorial collection
Target class success
Since 1992, more than 1250 combinatorial libraries have
been described from both academic and industrial 
laboratories [24]. Typically at Pharmacopeia (http://www.
pharmacopeia.com), more than four million compounds
are screened per target from a total collection of seven mil-
lion compounds. This collection of encoded combinatorial
libraries was made following a solid-phase binary-encoding
protocol that uses electrophoric molecular tags (ECLiPs™
technology) and direct-divide synthesis [25–28]. Figure 1a
summarizes the activity of Pharmacopeia’s screening col-
lection against more than 70 molecular targets. The two
most widely screened classes of signal transduction targets
have been GPCRs and kinases (Fig. 1). More than 50% 
of the targets screened in these two classes yielded active
compounds with potencies of <1 µM. Cell-signaling assays
using cell-based assays have also yielded viable com-
pounds, although, in many cases, the molecular target re-
mains unidentified. One exception to this is the successful
use of an HTS assay based on nitric-oxide production from
human cells, which led to the identification of a class of
pyrimidineimidazole compounds that bind to and inhibit
human inducible nitric oxide synthase (iNOS) [29,30].
However, to date, no compounds have been identified that
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Figure 1. Target class success. The size of each circle is
representative of the number of targets screened for each class.
The dark and light blue circles represent the number of targets
where active compounds were confirmed with <1 µM or <5 µM

potency, respectively. 
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inhibit domain–domain interactions (Fig. 1). As the cur-
rent compound collection at Pharmacopeia is non-peptidic
in nature, the peptidomimetics mentioned above are 
not present in the collection. The active compounds sum-
marized in Fig. 1 were identified in random screening 
campaigns, with the exception of proteases where focused 
libraries were made.

Constructing drug-like libraries
Potency for a biological target is only one of the desirable
qualities of a combinatorial library. The marriage of combi-
natorial chemistry and HTS has significantly increased the
number of leads found in drug screening programs.
However, to date, there are no published examples of ap-
proved drugs borne of this combination. The reason for
this could be attributed to the relative novelty of the field;
many compounds that have entered the clinic might be
approved in the near future [31]. Indeed, the first report of
a compound derived from a solid-phase discovery library
that has been tested in humans was recently reported by
Ontogen (http://www.ontogen.com) for a P-glycoprotein
modulator [32,33]. In addition, Gleevec was launched 
to Phase IV trials in the spring of 2001 [34], and the CCR1 
receptor antagonist, also discovered using HTS (Berlex;
http://berlex.com), has entered Phase I trials [35,36]. Several
computational models have now been developed to 
predict the drug-likeness of a compound [37–39], thereby 
facilitating the progression of leads to drugs.

The goal of many drug discovery programs is to design a
drug with oral bioavailability. This is determined by the
ADME (absorption, distribution, metabolism and excre-
tion) properties of the drug. Many models have now been
developed that attempt to predict the oral bioavailability
of a molecule based on its physicochemical properties
[40,41]. GlaxoSmithKline (http://www.gsk.com) have de-
veloped a model based on the number of rotatable bonds
and polar surface area (PSA) to assess the potential oral
bioavailability of a drug [42]. Lipinski’s rule-of-five is a
model of passive intestinal absorption and solubility that
has been of particular interest [43]. This model is based on
the examination of 2287 compounds that have passed
Phase I clinical trails, and states that chemical matter will
be less likely to be permeable and soluble if cLogP is >5,
molecular weight (MW) is >500, or if the number of 
H-bond donors or acceptors are >5 or >10, respectively.
Figure 2a gives the results of an analysis of 4.2 million
compounds derived from the Pharmacopeia compound
collection using Lipinski’s rule-of-five. The compounds in
this collection are from libraries whose design involved 
filtering substituents in silico for rule-of-five violations. 
A model of passive intestinal absorption has also been 

developed at Pharmacopeia [44] based on a statistical pat-
tern-recognition model using a panel of well-absorbed
compounds (>90% absorbed) and poorly absorbed com-
pounds (<30% absorbed). This model was used with
Pharmacopeia’s screening collection, and the results are
shown in Fig. 2b. In this model, the calculated lipophilicity
of the molecule (AlogP98 [45]) and the PSA are used to de-
scribe the physicochemical parameters. The inner ellipse
represents the 95% confidence region for well-absorbed
compounds while the outer ellipse represents the 99% con-
fidence region. The figure shows that 49% of the collection
fall within the 95% confidence ellipse and 67% fall within
the 99% ellipse. These figures compare with the analysis 
of two other databases composed of drug-like chemical
matter: ~100,000 compounds from the MACCS-II Drug
Data Report yielded 64% and 76% inside the 95% and 99% 
ellipses, respectively (Fig. 2c); and 6000 compounds from 
the Comprehensive Medicinal Chemistry database (CMC)
yielded 75.0% and 83.5% inside the 95% and 99% ellipses,
respectively (Fig. 2d). This model enables the straightfor-
ward evaluation of compounds because it based on two
readily calculated parameters.

An alternative approach to combinatorial library design
centers on making ‘lead-like’ compounds rather than
‘drug-like’ compounds and uses a rule-of-three model (a
molecular weight range of 100–300 Da and a calculated log
P of 1–3 [46]). This is based on the fact that optimizing 
library hits for improved potency, selectivity and pharma-
cokinetics often involves increasing the molecular weight
and lipophilicity of the molecule. Therefore, starting with
smaller leads facilitates the selection of an optimized drug-
like molecule. In addition, as noted by Hann [47], the com-
plexity of a combinatorial library should not be solely re-
stricted to drug-like properties because this might decrease
the chance of identifying initial hits from the collection.
Incorporating the afore-mentioned approaches into library
design should provide hits with good initial solubility and
absorption so that they can advance into lead optimization
programs.

Mining combinatorial libraries
Random screening of this diverse collection of compounds
has revealed three possible outcomes for a combinatorial
library. After synthesis and screening, the library might fail
to yield any hits against the target panel, in which case it
remains an orphan. For active libraries screened across a
panel of different molecular targets, two possible activity
patterns can be seen: the library will either exhibit a prefer-
ence for one particular target class (e.g. kinases) or show
hits across different target classes. The latter is said to contain
‘privileged’ structures, a term initially introduced by Evans
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[48] when describing the benzodiazepine class of com-
pounds. These types of structures can serve as ligands for a
diverse range of receptors through variation of chemical
substituents [49]. An example of this is shown in Figure 3,
where hits from 127 combinatorial libraries were charac-
terized against the observed activity at 15 GPCRs. Several
of the libraries are active, but a prominent group of libraries
possessing a common core structure has >25% of the total
activity observed for the GPCRs panel. Analysis based on
the type of cognate ligand for the GPCRs reveals little pref-
erence for either small-molecule- or peptidic- (≥30 amino
acids) ligands. Therefore, the actives from these libraries
contain structures with an affinity that is independent of
the natural ligand for the target. Further screening of this
set of libraries (Fig. 2; highlighted in blue) against targets
other than GPCRs has shown that they are capable of
yielding hits with targets such as integrins and kinases.

This information can be used further to move from struc-
turally diverse libraries to orientated libraries aimed at 
various molecular target classes. Structural information 
derived from both preference and privileged libraries 
is currently being used to make libraries with improved 
biological activity.

Different strategies are required for screening collections
of millions of compounds. Table 1 gives statistics from a
recent screening campaign of a nuclear receptor screened
using a homogenous format in 1536-well plates. From the
figures given in Table 1, it is clear that large combinatorial
library screening involves several steps. Multiple compounds
are arrayed per well and then eluted from the solid sup-
port. Pooling large chemical libraries is common practice
in the pharmaceutical industry as it provides significant
savings in time and reagent cost [31,50]. Generally, one
copy of the library is arrayed at ~10 compounds per well
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Figure 2. (a) Lipinski analysis of 4.2 × 106 combinatorial compounds from the Pharmacopeia collection (http://www.pharmacopeia.com).
Model of absorption is shown for (b) the Pharmacopeia collection, (c) the MACCS-II Drug Data Report (MDDR; http://www.mdli.com/
products/mddr.html), and (d) the Comprehensive Medicinal Chemistry (CMC; http://www.mdli.com/products/cmc/html) database. Dots
are colored by the number of compounds found in each area, with red representing the highest density followed by yellow, green, blue
and purple.
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and then subjected to a biological screen. In the screen de-
scribed here, the hit rate (defined as <50% of the positive
control) was 0.26%. The strategy used to follow-up these
879 hits takes advantage of the library construction and 
arraying process. As each library is synthesized around a
common core structure, and each library is further divided
into sub-libraries containing a common substituent, two
hits identified within a sub-library are analogs of each
other. This has important implications in the analysis of
combinatorial libraries arrayed in this way. Unlike screen-
ing historical compound libraries, where the number of
analogs is often limited, a combinatorial library contains
many thousands of analogs. The purpose of the primary
screen is therefore to identify an active chemical series
rather than to identify all active structures in the collec-
tion. This can be achieved by focusing on those sub-
libraries that exhibit the most promising activity. In the
example given in Table 1, the 879 hits were found among
five libraries. Those sub-libraries showing the highest po-
tency and frequency of hits were screened using a single-
compound-per-well technique at threefold redundancy.
(Arraying library compounds yields a random population

and so three equivalents must be screened to achieve 95%
coverage of all the compounds within a sub-library; see
Box 1.) This led to a total of 178 decoded structures that
showed >50% inhibition of activity (compared to the posi-
tive control). Owing to the statistical nature of the screen,
many of the decoded structures will be replications of each
other (duplicates, triplicates and quadruplicates are often
observed) [51]. Therefore, the number of unique structures
further reduces this set of structures to 87. In this particu-
lar example, 18 of the structures were re-synthesized and
quantitative IC50 values were obtained. This analysis con-
firmed activity in the five libraries, yielding five active con-
firmed chemical series for the target. The best compounds had
potencies in the 20–100 nM range. However, two of these
series had chemical structures with poor physicochemical
characteristics and were therefore not advanced to the 
hit-to-lead optimization stage. As outlined later, these
screening data provide significant information on structure–
activity relationships (SARs), which can subsequently be
used to advance the series into viable lead compounds.
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Box 1. Screening statistics in combinatorial
libraries

During the synthesis of encoded combinatorial libraries,
compounds are built on beads with each bead contain-
ing a chemical tag that indexes the synthetic history of
that particular compound. Further complexity is achieved
by repeating the process of treating batches of beads
with different reagents, combining the batches and
then dividing the batches equally so that the next set 
of reagents can be added. The beads are arrayed, the 
compounds are eluted off the beads, and the eluant is 
assayed while the bead is kept separately so that the
structure of hits can subsequently be decoded. Each
bead contains one compound. The number of beads
that must be arrayed to ensure that all possible com-
pounds present in the library are assayed is given by the
following formula:

(1 − e−L) × 100 = % of the library to be 
assayed at least once

Where L = the number of library equivalents. One
equivalent is defined as the number of beads equal to
the number of distinct library members.

For example, a combinatorial library built-up in three
steps by combining 31 substituents in the first step, 31
substituents in the second step and 9 substituents in the
last step contains 31 × 31 × 9 = 8649 distinct library
members. Therefore, if one equivalent of this library is
arrayed (8649 beads), the fraction of the library assayed
at least once is 63%, whereas if three equivalents were
arrayed the coverage would increase to 95%.

Table 1. Examples of screening statistics

Parameter Number

Compounds screened 3.87 × 106

Wells screened 331,776

Hits at <50% of control 879

Compounds decoded 178

Unique structures 87

Compounds re-synthesized 18

Active series confirmed 5

Series entering hit-to-lead 3

Figure 3. Activity profile for 127 libraries paneled against 15 
G-protein-coupled receptors (GPCRs). Libraries highlighted in
blue have a common core structure.
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Analysis of combinatorial screening data
The use of combinatorial strategies to obtain information
on SARs originates from genetic studies on various bio-
logical systems. In these cases, an oligonucleotide cassette 
containing the appropriate combinations of nucleotides is
placed in the gene of interest. The system is then placed
under a selective pressure (such as temperature or comple-
mentation strategies) to reveal a set of preferred amino
acids at different positions of the protein product. Similarly,
during a typical screening campaign, chemical combinato-
rial libraries are applied to biological targets and then 
assayed to reveal molecules that are selected by the biologi-
cal target. As described previously, combinatorial libraries
are based around a common core and can then be divided

into sub-libraries that have a common substituent. Once
activity is identified in a particular library, sub-library
information can be used as illustrated in Figure 4a. In this
example, potent activity was observed in the library and
the frequency of hits obtained shows a clear preference for
ortho-substituted aryl pieces and heteroaryl pieces at 
position three. This information was used to make choices
about which chemotypes should be placed at this position
during further optimization. The synthetic quality of 
the combinatorial library must be taken into considera-
tion when interpreting such primary screening data. At
Pharmacopeia, a library quality-assurance protocol has
been developed [52]. This is a statistically based method that
combines single-bead LC–MS analysis with tag-decoding
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Figure 4. Structure–activity relationships from the combinatorial libraries. (a) Distribution of activity versus sublibrary for an 8500 member
library divided into 42 sublibraries. The sublibraries 1–29 have an aryl piece with either an ortho (sublibraries 1–10), meta (sublibraries
11–20) or para (sublibraries 21–29) substituent, while sublibraries 30–42 are defined by a heteroaryl (HetAr) piece. (b) Modification of two
variables during a hit optimization effort. (c) Combinatorial effects in a lead optimization library.
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to confirm the presence of putative library compounds.
These data taken together with quality-control compounds
used to develop the library synthesis protocol are crucial
when interpreting whether the presence or absence of a
substituent is owing to its biological activity alone. In this
way, the screening protocol outlined previously identifies
active structures that can be cross-referenced with a
particular affinity profile to reveal the interdependent 
relationships of structural variations.

Herein lies the real distinction of combinatorial chem-
istry: it provides a multivariable dataset that can be rapidly
examined during screening and used to guide subsequent
hit-to-lead optimization steps. Experiments that vary only
one parameter at a time will often fail to reveal complex
interactions between factors and will miss useful combi-
nations [10,53,54]. Examples of how this information can
be used in the downstream optimization of hits are outlined
in the following section.

Hit-to-lead optimization: combinatorial effects
When active structures are identified from a screening
campaign, the next step is often to synthesize a set of com-
pounds containing modifications in two or more domains,
with the key objective of establishing initial SARs of the
hits. Any positive or negative movement in potency and/or
selectivity will be useful in determining whether the prop-
erties are tractable. For example, a small set of compounds
(Fig. 4b) with modifications in two substituents was pre-
pared based on a 50 nM hit from an encoded-library screen
against a nuclear receptor target. The Ar1–Ar7 groups 
were taken from the active structures identified from the 
encoded library, and the R1–R7 groups were novel sub-
stituents that had not been included in the original library.
A SAR trend is observed for both the Ar and R dimensions.
In addition, improved potency is achieved for the preferred
combinations. Thus, combining Ar1 or Ar2 with R6 or 
R7 yields compounds with a binding potency of <20 nM. 
In this example, the choice of substituents was based on
analysis of the screening data. These data suggest that 
improving the potency of the initial hit is highly tractable.

Possible combinatorial effects can also be examined, that
is, how the change in one library substituent modifies the
effect on activity of other substituents. Using an approach
where multi-variables are examined early on in a program
has the advantage of providing a broad survey that ex-
plores all major avenues. A representative example of a
combinatorial effect on activity is illustrated in Fig. 4c. An
encoded lead-optimization library with four combinatorial
steps was screened against a GPCR target. The frequency of
substituents present in active structures that met the po-
tency criterion were plotted with respect to two variables,

the R2 substituents and the R3 para-, meta- or ortho-positional
isomers. When R4 is an amide, R2 substituents 7 and 11
are preferred for the R3 para-isomer. No structure that met
the potency criterion contains substituents 1 and 4 in R2
when the R3 group is para; however, these two substituents
are the most active groups when the R3 is a meta-isomer.
Moreover, substituent 3 in R2 is preferred for the ortho-
isomer but not in the two other positional isomers. Similar
combinatorial effects were observed for compounds with a
urea R4 group (see Fig. 4c).

Concluding remarks
The pressure to maximize the success of combinatorial
chemistry and screening technologies is now increasing as
many of the top pharmaceutical products are scheduled to
go off-patent within the next four years. The human genome
project has provided ~500–1000 new human genes with
relevance to drug discovery, which should yield from 1500
to 10,000 therapeutically relevant intervention points [2].
The future of combinatorial chemistry must expand not
only in the classical drug discovery paradigm but also to
chemical genomic drug discovery, where libraries are used
to validate and define novel genomic targets [55]. Expansion
of functional cell-based assay technologies will be para-
mount to providing the information needed to define
these novel biological interactions [56]. Focused libraries
based on internal discovery efforts need to be streamlined
to leverage both activity and drug-like properties [57] to 
reduce the high rate of clinical failure.
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