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Molecular diversity: how we measure it? Has it lived up to its
promise?
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Abstract

Molecular diversity needs to be considered when designing a screening set, whether a set of individual compounds or a
combinatorial library. We have found that traditional substructure descriptors encode information relative to the biological
properties of molecules. Of the methods tested, Ward’s clustering is most effective. Combinatorial library design also requires
consideration of the method of deconvolution and the combinatorial constraint. We have developed a genetic algorithm solution
to this problem. Lastly, predicting affinity of molecules for a macromolecular target has been addressed with the use of a potential
of mean force. There continues to be an opportunity for innovative computational approaches to solving problems in medicinal
chemistry. © 2001 Elsevier Science S.A. All rights reserved.
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1. Introduction

We care about molecular diversity because it is essen-
tial to our search for new and better drugs that treat
currently untreatable diseases or that show improved
safety, efficacy, or cost compared to existing drugs.
These considerations have become important because
of the opportunities presented by genomics, high
throughput screening, and automated synthesis. In the
case of genomics the challenge is to somehow find an
active compound or a lead for synthesis to help validate
a target; in the case of high throughput screening the
challenge is to select the compounds for screening,
usually to supplement a company’s internal compound
collection; in the case of automated chemistry the chal-
lenge is to design a library that will contain some active
compounds. In all cases there is an intimate relation-
ship between experimental and computational methods.
Both the experimental and computational methods
have expanded greatly in recent years.

High throughput screening requires diverse struc-
tures. Typical questions to be asked are: Is the com-

pany collection diverse enough that we would expect to
find hits in most screening? Are the compounds offered
for purchase or suggested as a universal library differ-
ent enough from each other and the currently available
compounds [1,2]? The problem is how to translate these
questions into a computational procedure. A typical
strategy is to group similar compounds together using
cluster analysis and then to select compounds from
different clusters as being diverse.

2. Designing the clustering strategy

The first issue in this strategy is how to represent the
structures in the computer. Because our goal is to select
compounds for biological testing we must select molec-
ular descriptors that are relevant to biological testing.
Medicinal chemistry experience has shown that
molecules that appear diverse in the 2D-structure dia-
gram as considered by the synthetic chemist can appear
similar in three-dimensional properties to a biological
receptor. This insight in turn can lead to a new series
that matches the 3D requirements of the receptor but
presents the possibility for a new patent. From the
viewpoint of molecular diversity, the 2D substructure
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encodes information about synthesis and patent cover-
age of the molecule, so increasing diversity in a screen-
ing database should increase the chance that an easily
synthesized and patentable compound will be found.
From the viewpoint of molecular diversity, the 3D
structure encodes information about the steric and elec-
trostatic properties of the molecule, so increasing the
3D diversity in a database should lead to hits in more
screens.

The second issue in this strategy is what clustering
method provides the best grouping of similar com-
pounds together. Early in our studies we showed that
compounds that are similar to each other in terms of
their 2D-structure diagram are likely to have similar
biological properties. We found that if a compound is
0.85 similar to an active compound it has an 80%
chance of itself being active [3]. We first used these 2D
descriptors to compare different clustering methods.
We found that Ward’s method is most successful at
putting active compounds into clusters with other ac-
tive compounds [4].

We then turned out attention to the molecular de-
scriptors used in the clustering. We compared three
different ways of encoding the 2D structure and three
different methods of encoding the 3D-structure infor-
mation. For the latter we wrote an expert system that
generates a 3D structure, recognizes potentially charged
and hydrogen-bonding groups, and calculates the dis-
tances between the relevant atoms. We decided to use a
single conformation for this calculation. To our sur-
prise the best performing descriptors were simple
counts of substructures as used in structure searching
systems [4].

Why did the substructures perform better than the
other descriptors? We decided to repeat the clustering
exercise but rather than use biological activity as the
endpoint use measured and calculated physical proper-
ties. In particular, we examined the ability of other
members of a cluster to predict measured octanol–wa-
ter and cyclohexane–water log P and pKa and to pre-
dict a number of calculated properties that encode
molecular flexibility, shape, and hydrogen-bonding
character. We observed the same order of descriptors
and clustering methods as for biological activity. From
this we conclude that the sub-structural descriptors
contain information about physical and 3D properties
in some useful balance for predicting biological activity
[5].

3. Results of the clustering

Our early work showed that increasing the number of
clusters in a database also increases the number of
clusters in the hits [1]. We also found that datasets that
are intuitively more diverse have fewer compounds per

cluster than do datasets that contain many analogues.
In fact, one screening set selected by hand by a medici-
nal chemist had 1.7 compounds per cluster whereas one
combinatorial library had ten times as many com-
pounds per cluster.

Often part of the high throughput of HTS comes
from mixing compounds. The Abbott screening strat-
egy places each compound in two orthogonal mixtures.
A key to the successful execution of this strategy is that
there not be similar compounds in any mixture — by
using clustering to design the layout of the compounds
we enabled the screening strategy.

An early strategy to select precursors for combinato-
rial libraries involved using a modification of our 3D
features program described above. We added a special
atom type for the position of attachment to the core.
When we grouped precursors according to this method
and selected one compound from each group, we found
that the median 2D similarity of the precursors to the
most similar compound was 0.6 whereas it was 0.85 in
the original precursor list. Again we have confirmed
that 2D and 3D structural descriptors contain overlap-
ping information.

4. Genetic algorithm design of combinatorial libraries

In our combinatorial chemistry program we used
mass spectrometry to deconvolute the structures, after
release from the active bead. However, if many of the
compounds in the library had the same mass, this
would require individual synthesis of many molecules
to identify the active one. At the same time, we re-
quired that the libraries be structurally diverse. How
could we optimize diversity while simultaneously mini-
mizing redundancy in the mass spectrum and obeying
the combinatorial constraint? The question could be
generalized to optimize the library with respect to struc-
tural diversity while constraining it to the combinatorial
constraint and specified ranges of molecular weight and
physical properties.

For example, consider the desire to design a 100×
100 library with reagents selected from lists of 260 and
369 precursors. At first glance this problem seems sim-
ple. For this problem there are 93 240 possible prod-
ucts. However, there are 2.5×10169 possible ways to
select the 10 000 compounds! Clearly, some sort of
computer optimization is required.

We used a genetic algorithm to solve this problem
[6]. The use or non-use of a particular precursor is
encoded in a bit-string used as the chromosome. In a
genetic algorithm potential solutions, libraries in this
case, are generated at random for the first generation.
Each solution is scored for its match to the target
property, diversity and lack of mass spectrum redun-
dancy in this case. The best scoring solutions are used
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to form the next generation by a combination of
crossover and mutations. The process proceeds through
many generations until a suitable solution is found or
until no improvement can be seen. For the example the
best solution in the first generation had one mass
redundancy of 80 and it used 69% of the possible
clusters; at convergence the best solution had no mass
redundancies of greater than 4 and diversity had in-
creased to 79% of the available clusters.

5. Predicting potency from 3D structures of targets

Of course molecular diversity is of no use if the
compounds selected are not active. While remaining
useful for optimizing structures within a series, tradi-
tional and 3D-QSAR methods do not directly address
diverse molecular structures. The promise is that
knowledge of the three-dimensional structure of the
biological target will increase the chance to discover
active agents of diverse structure. However, predicting
affinity of ligands to a protein target has remained a
challenge.

The great increase in the number of experimentally
determined 3D structures of protein ligand complexes
provided us with an opportunity to investigate a new
approach to this problem [7]. Specifically, we tabulated
from protein ligand complexes the observed frequency
of specific atom–atom contacts at different distances.
From these frequency patterns we developed a potential
of mean force that describes the free energy contribu-
tion of a particular atom-pair to binding affinity. Our
approach includes desolvation terms implicitly. This
potential of mean force (PMF) can be used both to
determine the optimum placement of a ligand in a
protein active site and to predict the relative affinity of
different ligands to a protein. Note that it includes no
fitting of the strength of observed protein–ligand com-
plexes and that one function applies to all complexes.

In six of seven sets of ligand–protein complexes the
PMF predicted relative affinity more accurately than
LUDI [8], until then the best-predicting algorithm for
this purpose [7].

The PMF was added to DOCK [9] and used in a
docking study of 3247 compounds studied by SAR by
NMR [10] of which 29 bind to the protein. The Amber
scoring function enriched the actives toward higher
scores by 1.54X whereas the PMF enriched the actives
2.0× [11]. The enrichment is especially pronounced
with low-molecular weight compounds, rising to 2.77
(Amber enrichment doesn’t change).

The PMF strategy for developing scoring functions
has a promising start and will become even more
accurate as workers analyze the atom-pair distance

distributions of more and more protein–ligand com-
plexes.

6. Conclusions

Molecular diversity considerations have led to ratio-
nal strategies for designing screening libraries, whether
they be selected from available compounds or combina-
torial libraries. Molecular diversity is just one part of
the equation: for whatever purpose the compounds are
selected, considerations have to be made of chemical
stability, avoidance of unwanted functional groups,
physical properties, etc. With combinatorial libraries
these considerations also include the deconvolution
method. If the structure of the target is known, then the
diversity also has to include forecast affinities of the
compounds for the target. Advances in computational
techniques have addressed each of these questions, but
more insights are needed.
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