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Abstract: This review aims at giving a short introduction to the most important areas of library design. The
description of compounds by descriptors and fingerprints, and similarity-based clustering techniques are
illustrated in the context of untargeted library design. For lead finding and lead optimization libraries it touches
on ligand-based combinatorial design, structure-based design, docking and scoring techniques, and fragment-
based de novo design. It is shown that computational and combinatorial chemistry can be successfully
combined in the design process.
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1. Introduction

The number of potential compounds that
could be synthesized using combinatorial
methods is immense. It was estimated that
about 1060–100100 molecules are syntheti-
cally accessible and show drug-like proper-
ties [1]. The need for rational library design
is obvious as it is impossible to synthesize
a larger fraction of these molecules. With

the help of rational methods the number of
compounds that have to be synthesized can
be minimized while using a maximum of
the available knowledge, e.g. to ensure that
the compounds have the desired physico-
chemical properties. A closely related task
is the rational selection of subsets of com-
pounds from proprietary or commercial
databases for screening.

Libraries can be designed for different
purposes [2], drug discovery being a major
application area [3]:
– Discovery libraries are intended to in-

crease the diversity of a compound
collection (e.g. the corporate collection
of a pharmaceutical company). In addi-
tion to diversity itself the possibility of
efficient synthesis and the compounds’
physicochemical and ADME (absorp-
tion, distribution, metabolism, excre-
tion) properties should be considered to
ensure that the hits are of true value for
discovery projects.

– Targeted libraries for lead finding: the
target can be a certain protein or a target
family, e.g. GPCRs (G protein-coupled
receptors), kinases, phosphatases etc.
For the design of targeted libraries,
well-known structural motifs (‘privi-
leged structures’) are often used.

– Optimization libraries for lead optimiza-
tion (focused libraries).
Combinatorial chemistry can be useful

in all three cases. The methodology that can
be used for targeted library design depends
very much on the structural information
that is available. If a set of ligands is known

for the target, a pharmacophore hypothesis
can be developed and used as a constraint in
database searches. It is also possible to use
ligands for homologous targets as reference
for similarity searching [4][5].

If a three-dimensional protein structure
has been solved one can use docking tech-
niques (i.e. predict the binding modes be-
tween ligand and protein) or design a li-
brary de novo. This review aims at giving
a short general introduction into the field
of library design.

2. Discovery Libraries

As the number of imaginable drug-like
molecules is so large it is important to
choose well the compounds that are to be
synthesized. An important goal for a dis-
covery library is to cover the chemical
space as fully as possible in order to in-
crease the probability of finding hits or
leads from different chemical classes.

A typical starting point for a discovery
library is a large virtual library that contains
all structures that could possibly be syn-
thesized via a specific synthetic pathway.
A subset of this large library can be chosen
by either looking at the diversity of the
actual synthetic products or at the diversity
of the reagents involved in the synthesis [3].
However, there are studies that suggest that
product-based selection methods may lead
to more diverse sets than reagent-based
methods, depending on the kind of descrip-
tors used [6][7]. An additional advantage
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of product-based strategies is that whole
molecule properties can be optimized such
as the physicochemical property profile of
a library [8]. A limitation to product-based
selection methods is the combinatorial con-
straint. In library production the goal is to
combine each building block with every
other to obtain a fully combinatorial library.
This is difficult to achieve when the desired
compounds are picked directly from com-
pound space because it is unlikely that the
chosen compounds form a combinatorial
ensemble (see Fig. 1a: Only nine com-
pounds are picked but a combinatorial syn-
thesis would give 7 A × 6 B = 42 com-
pounds). Taking the combinatorial con-
straint into account makes library synthesis
much more efficient (Fig. 1b). However,
product-based design is computationally
much more expensive than reagent-based
strategies and may not be feasible for larger
virtual libraries.

An ideal discovery library is represen-
tative of the chemical space with a mini-
mum number of compounds. But how many
compounds are needed in one series to
make sure that hits are found with a high
probability? A series of compounds is
defined in this context as a number of
molecules with a common core structure
(scaffold). Even series that contain active
compounds will mostly consist of inactive
ones. If only a few compounds per scaffold
are tested the probability of finding an ac-
tive one amongst them is rather low. It was
estimated that one needs 50–100 com-
pounds per series to increase this proba-
bility to about 95% [9].

The basis of compound selection meth-
ods is the ‘similar property principle’ [10].
It assumes that structurally similar com-
pounds should have similar physicochem-
ical and biological properties so that even
if the optimal substituent for a position is
not a member of the subset, a similar one
will be there [3]. Other important selection
criteria are the properties of the compounds:
Typically one tries to stay as much as pos-
sible within a property space that was de-
fined as ‘drug-like’ or ‘lead-like’. The most
famous set of rules, the ‘Rule of Five’, was
published by Lipinski [11]:
– molecular weight ≤ 500
– logP ≤ 5
– number of hydrogen bond acceptors ≤ 10
– number of hydrogen bond donors ≤ 5

Drug leads should not violate more than
one of these limits, because experience has
shown that compounds with multiple rule
violations are unlikely to be orally absorbed.
The ‘Rule of Five’ was derived from drugs
and it may be necessary to adjust it to the
purpose of lead finding [12]. One possibil-
ity of finding new rules would be to analyze
a compound selection with desirable prop-
erties (e.g. a drug database or, in the case
of targeted libraries, a set of hits from
screening or drugs that bind to a target or
target family).

In addition the pharmacokinetic
(ADME) properties should be considered
as early as possible [2][3]. The analysis of
a compound database showed that bioavail-
ability mainly depends on the flexibility of
a compound (number of rotatable bonds)
and its polar surface area [13]. This kind
of rule can be used for filtering.

It should be kept in mind that the com-
putation of molecular properties is not use-
ful for the profiling of single compounds
as the average rate of mis-classification is
too high (about 20%) [1]. It is very useful
however for the prediction of property dis-
tributions of compound collections (e.g.
drug-likeness, GPCR modulator likeness,
frequent-hitter liability) [1].

2.1. Methods
Choosing a diverse subset from a com-

pound collection or a virtual library is a
multi-step procedure [3]: 
a) A number of descriptors or a fingerprint

are computed for each compound.
b) The compounds are projected into a

common descriptor space. Typically
the number of descriptors is reduced
by statistical methods such as principal
component analysis (PCA) or factor
analysis [14].

c) Subsets can be chosen using different
strategies:

– the compounds with the lowest similar-
ity coefficient

– the compounds with the largest distance
in chemical space.
Different types of selection procedures

have been described [15][16]:
– Compound clustering: the molecules are

grouped into clusters that show a high
degree of intra-cluster similarity and in-
ter-cluster dissimilarity. One or several
compounds per cluster are chosen [17].

– Grid-based sampling/partition-based se-
lection: each dimension of the descrip-
tor space (i.e. the range of values for
the chosen molecular properties) is di-
vided into bins (x-dimensional hy-
percubes). Afterwards compounds are
sampled from each cube. This approach
works only in property spaces of low
dimensionality [6][17].

– The similarity of the fingerprints can
also be assessed directly (direct sam-
pling) [18][19]. 

– Optimization-based selections: As a pre-
requisite some quantitative measure of
diversity has to be defined. The most
diverse subset can be identified after-
wards by combinatorial optimization
methods, e.g. simulated annealing (SA)
or genetic algorithms (GA) [15]. The
latter imitate biological reproduction
processes. In each generation the parent
‘chromosomes’ (i.e. the instruction set
leading to a product) are changed by
mutation, deletion, crossover etc. lead-
ing to a number of children. Of these
children the best ranked are chosen as
the next parent generation. This is done
until an optimally diverse selection is
found [20]. In the case of compound se-
lection one chromosome would encode
a whole sublibrary or a pool of reactants
instead of individual compounds. GAs
are able to optimize several properties
simultaneously such as diversity and
drug-likeness. An early example for this
strategy was published by Gillet et al.
[21], more recent studies are summa-
rized by Egan, Walters, and Murcko
[22].

Fig. 1: A two-dimensional library is defined by
two sets of reagents (rows A and columns B).
(a) Compounds are picked without combina-
torial constraint. (b) Taking the combinatorial
constraint into account enhances the efficien-
cy of library synthesis. (Fig. taken from [8].)
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3. Targeted Libraries for 
Lead Finding

In principle the same methods can be
applied in lead finding as were described
above but in many cases the goal will not
be the most diverse solution but one that
shows good similarity with a specific hit.
A very important difference between the
design of diverse and targeted libraries is
the amount of knowledge that is available:
at least a number of hits is known, maybe
even a 3D structure of the target protein.
This structural information can be used to
restrict the chemical space that has to be
searched [3].

3.1. Ligand-based Combinatorial 
Design

There are many targets for which no
protein structure is known (e.g. G protein-
coupled receptors). In the lead finding stage
however some knowledge about structure–
activity relationships is available and could
be translated into a pharmacophore hypo-
thesis. This pharmacophore can be used to
do similarity searching in a virtual library.
There is software available that not only
searches for similar compounds but also
optimizes simultaneously the properties of
the set (e.g. HARPick [29], MoSELECT
[30] or TOPAS [31]). With a suitable com-
pound set and good quality biological data
a quantitative structure–activity relation-
ship (QSAR) analysis can be performed,
i.e. structural parameters are correlated
with binding affinity or activity. The QSAR
model can then be used for the prediction
of binding affinities of new compounds.

For hit optimization itself two strategies
can be employed: either the topology (the
‘skeleton’ of the molecule) or the pharma-
cophoric patterns of the known hits can

2.1.1. Descriptors
Many different descriptors are used to

capture molecular properties but not all of
them are suited for the description of li-
braries. Physicochemical parameters such
as molar refractivity or the partition coef-
ficient are not available for virtual com-
pounds, other parameters can be calculated
but are computationally too expensive for
large datasets, e.g. HOMO and LUMO en-
ergies [17]. 

In widespread use are descriptors such
as the molecular weight, logP, number of
hydrogen bond donors and acceptors, num-
ber of rotatable bonds, polar surface area,
etc. [17][23] or topological descriptors that
are based on molecular connectivity infor-
mation or inter-atomic distances (for 3D
conformers) [24][25]. One possibility to
classify descriptors is their dimensionality:
one-, two- and three-dimensional descrip-
tors are deduced from 1D, 2D or 3D mo-
lecular representations (see Fig. 2).

Descriptors should have good neighbor-
hood behavior: compounds which are close
in property space to an active molecule
should also be active and those that are
close to an inactive compound should be
inactive as well [17][23][26].

2.1.2. Fingerprints
Fingerprints are binary bit strings that

encode diverse aspects of molecular struc-
ture and properties. Each bit (1 or 0) en-
codes the presence or absence of a feature
or the value of a property descriptor and,
from a different point of view, each bit
represents one dimension in property space
[27]. For similarity measures fingerprints
are computed for all compounds and
matched against each other. The size of
fingerprints can vary a great deal. Simple
2D fingerprints have about 100 positions,
more complex ones up to several thousand
bits. 3D pharmacophore fingerprints are
much more complex. They reflect all pos-

sible arrangements of three- or four-point
pharmacophores in a molecule and con-
sist of several million bits. Those pharmaco-
phores have to be defined beforehand,
e.g. by systematic conformational analysis.
Fingerprints of higher dimensionality de-
scribe molecules in a much more complex
way and are computationally expensive,
but in many cases it will be sufficient to
use simpler fingerprints. There is even
evidence that 2D descriptors or fingerprints
often perform better than 3D ones [23]
[26][28].

2.1.3. Similarity Metrics 
A molecule that is represented in prop-

erty space by a set of M descriptors can be
represented by a point in M-dimensional
space. The distance between these points
can be measured by different metrics: the
Euclidean distance, the Tanimoto coeffi-
cient or the cosine coefficient. The Euclid-
ean distance between two compounds i and
j (di,j) is calculated as

M is the set of numerical descriptors and
Xks are the values of the individual descrip-
tors [17]. The Tanimoto and the cosine co-
efficients are calculated as shown in Eqn. 2
and 3.

(1)

(2)

(3)

Fig. 2: 1D, 2D, and 3D molecular descriptors
(adapted from [27]).
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be preserved. It was shown that a variation
of the topology leads to completely novel
molecular skeletons while the search for
compounds with a similar topology was bet-
ter suited for the refinement of the pharma-
cophore hypothesis [32]. A fast automated
search tool for compounds with similar
topology is available with the program
Ftrees and its extension Ftrees-FS [33][34],
the latter being able to search not only in
compound libraries but also in combinato-
rial fragment space. There are many other
methods which cannot be explained here
such as principal component analysis/partial
least squares (PCA/PLS), encoder networks,
self-organizing maps etc. [1].

Many examples are published that prove
the success of design strategies. In two re-
cent studies virtual compounds were con-
structed using libraries of diverse reagents.
The resulting molecules were overlaid with
the reference structure and scored. The most
promising candidates were synthesized and
tested. High-affinity compounds were ob-
tained with a considerably increased hit rate
[3][32].

3.2. Structure-based Design
If a 3D structure of the protein target

is available it provides a well of additional
information that can be used in the design
of targeted libraries. It helps in scaffold
selection as only those scaffolds have to
be considered further that fit optimally into
the binding pocket. Virtual libraries can be
docked into the binding site or new com-
pounds can be built up in the protein and
ranked according to the quality of the fit.
This review can only give a very short
description of some docking and scoring
tools, but many reviews can be found in the
literature, e.g. [35–38]. Many examples of
successful structure-based design of combi-
natorial libraries can be found in a review
by Böhm and Stahl [38].

3.2.1. Docking
A number of different docking tools are

available but not all of them are fast enough
to be of use in the docking of large com-
pound sets. Well-known fast docking pro-
grams are Dock [39], FlexX [40], Slide
[41], and Fred [35]. The first two account
for ligand flexibility by building up the
compounds incrementally in the binding
site. The latter two use pre-computed con-
formational ensembles that are stored in a
database. Most docking tools do not take
protein flexibility into account as this vast-
ly increases the complexity of the task.
There are some attempts, however, to allow
for flexibility of the amino acid side chains
(Slide [41], FlexE [42]).

3.2.2. Scoring Functions
A scoring function has to evaluate the

different proposed binding modes of a
compound in the binding site and to predict
the correct one. In addition it has to rank
the different compounds of the set by pre-
dicting their binding affinity [1][35]. For
docking of large compound libraries fast
scoring functions are necessary. Three dif-
ferent methodologies are the basis of these
algorithms. Force field-based methods and
knowledge-based methods are derived from
protein–ligand complexes with high-affi-
nity ligands. Empirical scoring functions
are based on physicochemical properties
such as hydrogen-bond counts [38][35].
Amongst the best known scoring functions
are the FlexX [43] and the GOLD score
[44]. Several studies have shown that the
quality of a scoring function is dependent
on the target and that in many cases a smart
combination of multiple scoring functions
seems to be superior to the use of individ-
ual functions [36][45–47].

3.2.3. Fragment-based
de novo Design

De novo design of ligands can be used
as an alternative to the docking of real or
virtual compounds. In a first step the target
protein has to be searched for putative pro-
tein–ligand interaction sites. These interac-
tion sites are positions in the pocket where
a ligand atom or functional group should
be placed in order to interact favorably with
the protein. In a next step new compounds
are built by placing a small molecular frag-
ment into the pocket and adding other frag-
ments that fulfill the requirements (‘seed
and grow’). The quality of the new com-
plexes can be rated using a scoring function
(steric fit, chemical complementarity, phar-
macophore similarity). The synthetic ac-
cessibility of the resulting compounds is
usually better than with methods that build
molecules atom by atom [48].

An alternative to this approach is the
docking of several fragments and their sub-
sequent connection via linkers (‘dock and
link’). These linkers can be chosen from a
database or be designed de novo [48]. An
experimental method that uses a similar ap-
proach is the SAR by NMR method [49].
An example of library design for NMR
screening is described by Jacoby et al. [50].

Examples of de novo design programs
are LUDI [51], BUILDER [52], SPROUT
[53] or SMOG [54]. For the purposes of
combinatorial design special combinatorial
docking procedures have been developed.
DREAM++ [55], CombiDOCK [56], and
CombiSMOG [57] use algorithms that com-
bine combinatorial ligand design and fast
docking techniques [1].

3.3. Lead Optimization Libraries
For the design of lead optimization li-

braries the same tools can be used that were
described above. The most important dif-
ference is that much more knowledge about
the target can be used in the design process.
The building blocks that are necessary to
build a library that explores the chemical
space around a lead can be chosen either
by similarity analysis or with the help of a
model. If a series of actives and their struc-
ture-activity relationship (SAR) is known,
pharmacophoric constraints can be used as
filtering tool. If it is possible to do a QSAR
analysis the activity of compounds can be
predicted and if there is a 3D structure of
the target available the side chains can be
chosen such that they are complementary
to the protein structure. As described above
docking of the compounds into the binding
pocket can be used to predict their free
energy of binding via a scoring function
[3][17].

4. Summary

Finding compounds with good physico-
chemical and biological properties makes
high demands on library design. This re-
view gives some insight into the different
tools that are available for the design of
targeted or untargeted libraries and the
complex requirements on reagents and
products.
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