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1. Introduction: Diversity-related Tasks

Although the concept of chemical diversity has been intuitively considered by chemists
for many years, the advent of combinatorial chemistry and high-throughput screening
have focused attention on the need for efficient software tools to address a variety of
diversity-related tasks. Perhaps the most fundamental task related to chemical diversity
is that of selecting a diverse subset of compounds from a much larger population of
compounds. The obvious objective of that task is to identify a subset which best repre-
sents the full range of chemical diversity present in the larger population, either to avoid
the time and expense of synthesizing ‘redundant’ compounds or to avoid the time and
expense of screening ‘redundant’ compounds. However, in addition to simple subset
selection, recent practical experience has revealed other equally (possibly more) import-
ant diversity-related tasks which must also be addressed in the pharmaceutical and
agrochemical industry.

High-throughput screening (HTS) can be an effective approach to lead discovery but
is obviously limited by the structural diversity of compounds being screened. What if
that population does not include representatives of one or more chemical classes or
pharmacophores? Identifying diversity-voids or missing diversity is an important task
and, obviously, filling in diversity voids with compounds from other sources is equally
important. It is also important to be able to recognize and choose among the many com-
pounds which might fill a particular diversity-void. These tasks become increasingly
important as the number of combinatorially synthesizable compounds increases with
advances in combinatorial chemical methods, and as the number of commercially avail-
able compounds increases. Similarly, comparing diversities of alternative compound
libraries is another important diversity-related task.

In addition to simple diverse subset selection, it is often desirable to select a subset
chosen not only to provide structural diversity, but also to satisfy one or more non-
structural criteria or ‘biases’. For example, compound availability and/or physical prop-
erties may be important when selecting a subset for HTS purposes. Reagent cost and/or
reagent usage frequency may be important when deciding which compounds actually to
synthesize out of a very large range of compounds synthetically accessible through
combinatorial chemical methods. Clearly, non-structurally biased subset selection will
yield subsets with somewhat less structural diversity than a subset chosen simply to
maximize structural diversity, but practical considerations often make biased subset
selection a very important diversity-related task.
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The following section will discuss how chemical structures can be described for
chemical diversity purposes. We shall refer to such descriptors as ‘metrics’ of a ‘chemistry-
space’. An extremely important but often overlooked diversity-related task is that of
choosing the chemistry-space metrics which best represent the structural diversity of a
given population of compounds. For example, combinatorially generated populations, or
populations chosen to be similar to a particular active (‘lead’) compound, are inherently
less diverse than other more randomly assembled populations. Thus, it is quite reason-
able to expect that metrics specifically tailored to focus on the limited diversity of such
‘focused populations’ will provide some advantages over metrics which were developed
to best represent the broad range of diversity found in ‘non-focused populations’. Last
but not least, the notion of considering alternative chemistry-space metrics reminds 
us of the need for a rational approach for validating chemistry-space metrics — an
important and often misunderstood diversity-related task.

2. Chemistry-space Concepts and Diversity-related Algorithms

Before discussing software tools for addressing the aforementioned diversity-related
tasks, it is useful to review a few fundamental concepts. The notions of chemical simi-
larity, dissimilarity and, consequently, ‘diversity’ are all related to the distance between
chemical compounds positioned in some multi-dimensional ‘chemistry-space’, the axes
of which are the structure-related ‘chemistry-space metrics’ mentioned above. In order
to be a well-defined vector-space, our chemistry-space axes must be orthonormal (mu-
tually orthogonal, uncorrelated and normalized). We must also define a method for
computing a true distance (one which satisfies the triangle inequality) within that space.
The ‘diversity’ of compounds positioned in chemistry-space is intuitively related to the
inter-compound distance as measured in that space.

Whereas the dimensionality of our physical world is predefined as 3, the dimension-
ality of a chemistry-space (as well as the definition of axes) can be chosen to best repre-
sent the diversity of a given population of compounds. Most software for addressing
chemical diversity uses some form of ‘molecular fingerprint’ to describe each com-
pound in a population. Fingerprints are bit-strings (sequences of 1s and 0s) representing
the answers to yes/no questions about the presence or absence of various substructural
features within the molecular structure of a given compound. Although not often dis-
cussed in such terms, each bit represents an axis in a multi-dimensional chemistry-
space. Each axis could have either of two values: 0 or 1. Fingerprints represent very
high-dimensional chemistry-spaces: typically between 150 and 200 bits for MDL appli-
cations [1], a few thousand for Tripos [2] and Daylight [3] applications or millions for
the pharmacophore fingerprints introduced by Chemical Design Ltd. [4]. With the ex-
ception of the latter, fingerprints were developed to enable similarity and substructure
searching.

Comparing fingerprints using the well-known Tanimoto similarity index, T, has
proven useful for finding similar compounds within very large databases of chemical
structures. Thus, it is typically assumed that the ‘Tanimoto dissimilarity’, (1 – T), repre-
sents a useful measure of distance within such high-dimensional spaces. Distance-based
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diversity algorithms consider only the distances between compounds in chemistry-space
and are used to select diverse subsets by choosing compounds guaranteed to be distant
from other compounds in the selected subset. Practical experience and various valida-
tion studies (e.g. Brown and Martin [5]) indicate that such high-dimensional, distance-
based diversity-related algorithms are, indeed, useful for simple diverse subset
selection. However, the following criticisms should be considered:

1. The ‘questions’ corresponding to the bits of fingerprints were specifically devel-
oped to identify compounds similar to one another. They were not developed to
focus on differences which would constitute a structurally diverse subset.

2. Although some software permits users to redefine the ‘questions’ corresponding to
the bits of a fingerprint, this is rarely (if ever) done in actual practice. Thus, we use
fingerprints developed to find similar compounds in diverse populations to select
dissimilar (diverse) compounds not only from diverse populations, but also from
focused populations.

3. The Tanimoto similarity index was developed to gauge similarity, not dissimilarity.
That is, if T(A,B) and T(A,C) (the Tanimoto similarities between compounds A, B
and C) are 0.9 and 0.8, compounds A and B are probably more structurally similar
than compounds A and C. However, it is not at all certain that if (1 – T(X,Y)) and 
(1 – T(X,Z)) are 0.9 and 0.8, that compounds X and Y are more dissimilar (diverse)
than compounds X and Z.

4. Although the Tanimoto similarity index appears useful for the similarity purposes
for which it was designed, (1 – T) is not a valid measure of distance since it does
not obey the triangle inequality. Thus, it appears that distance-based diversity (and,
possibly, similarity) algorithms might be improved by using either the Euclidean
distance or the Hamming distance as suggested by Pearlman [6,7].

Despite these criticisms, distance-based diversity algorithms appear to work satis-
factorily for simple diverse subset selection, the most fundamental of the diverse-related
tasks. However, as the term implies, distance-based algorithms consider only inter-
compound distances, not the absolute positions of compounds in chemistry-space. As a
result, distance-based algorithms are inherently limited and are ill-suited for many of
the other diversity-related tasks. For example, locating diversity voids in chemistry-
space is essentially impossible since distance-based algorithms do not reference
location.

In contrast, by dividing each axis of a multi-dimensional space into ‘bins’, cell-based
diversity algorithms partition chemistry-space into a lattice of multi-dimensional hyper-
cubes and, thereby, consider not only inter-compound distance, but also absolute po-
sition of compounds in chemistry-space. As will be illustrated below, this additional
information makes cell-based diversity algorithms much more powerful and easily
applicable to all of the diversity-related tasks mentioned in the preceding sec-
tion. However, whereas distance-based algorithms can be applied in either a high-
dimensional or low-dimensional representation of chemistry-space, cell-based algor-
ithms can only be applied in low-dimensional chemistry-spaces. (For example, a
1000-bit fingerprint corresponds to a 1000-dimensional chemistry-space which would
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be partitioned into 21000 cells — an astronomically large number of cells almost all of
which would contain no compounds.)

In order to take advantage of the power and utility of cell-based diversity algorithms,
we must identify low-dimensional metrics from which to construct a less than 
10-dimensional chemistry-space satisfactory for diversity purposes. There have been
numerous attempts to use ‘traditional’ molecular descriptors (e.g. molecular weight,
shape-factors, estimated logP, surface area, dipole moment, HOMO-LUMO gap, etc.)
as the axes of a low-dimensional chemistry-space. There are three basic reasons for
which these efforts have not proven particularly useful:

1. Many of the ‘traditional’ descriptors are highly correlated; the axes of a vector-
space should be orthogonal (uncorrelated).

2. Some traditional descriptors (e.g. logP and pKa) are strongly related to drug trans-
port or pharmacokinetics but are only weakly related to receptor affinity or activity
as measured in most screening-based drug discovery efforts.

3. The traditional descriptors are whole-molecule descriptors which convey very little
information about the details of molecular substructural differences which are the
basis of structural diversity.

The first problem above could be addressed to a limited extent by using principal com-
ponents of the ‘traditional’ descriptors as the axes, but the second and third more funda-
mental problems would remain. The advantages of cell-based methods cannot be
realized unless some non-traditional chemistry-metrics can be found which enable the
definition of a meaningful low-dimensional chemistry-space.

3. BCUT Values: Novel Low-dimensional Chemistry-space Metrics

In 1989, Burden [8] suggested that a ‘molecular ID number’ could be defined in terms
of the two lowest eigenvalues of a matrix representing the hydrogen-suppressed con-
nection table of the molecule. More specifically, Burden suggested putting the atomic
numbers on the diagonal of the matrix. Off-diagonal matrix elements were assigned
values of 0.1 times the nominal bond-type if the two atoms are bonded and 0.001 if the
two atoms are not bonded. He also added 0.01 to the off-diagonal elements representing
‘leaf edges’ in the molecular graph (i.e. terminal bonds to the last atom in a chain). 
In suggesting that structurally similar compounds would be near each other in an 
ID-ordered list, Burden was actually proposing a one-dimensional chemistry-space.
Since fingerprint-based similarity searching methods were just becoming available 
for modestly sized databases (under 0.5 million compounds), Burden’s seemingly 
far-fetched suggestion was generally ignored.

In 1993, eager to find some sort of ‘similarity searching method’ applicable to the
Chemical Abstracts Service (CAS) Registry File of approximately 12 million structures,
Rusinko and Lipkus [9] applied Burden’s suggestion to a test database of 60 000 com-
pounds. The results were relatively poor compared to fingerprint-based similarity
searching methods, but much better than expected. They also experimented with the
notion of assigning a constant value to all diagonal matrix elements or a constant value
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for all bonded off-diagonal elements but, in each case, were using the lowest eigenvalue
of a single matrix to define a one-dimensional chemistry-space.

Based on Burden’s (B) original suggestion and CAS’s (C) ‘validation’ of that 
suggestion, Pearlman at the University of Texas (UT) added the following significant
extensions which resulted in what we now refer to as the BCUT approach [6,7,10]:

1. Given that a one-dimensional chemistry-space showed some signs of promise, a
similarly defined multi-dimensional chemistry-space should be even more pro-
mising. This is easily accomplished by using more than one matrix to represent
each compound.

2. Mathematical analysis reveals that all eigenvalues of such matrices contain infor-
mation related to molecular structure. The lowest and highest eigenvalues reflect
the most different information (are least correlated). Considering both the lowest
and highest eigenvalues provides another mechanism to extend Burden’s original
suggestion to a multi-dimensional space.

3. Pharmaceutical and agrochemical researchers are interested in structural diversity
with respect to the way in which compounds might interact with a bioreceptor.
Since atomic number has almost no bearing on the strength of intermolecular inter-
actions, much more relevant metrics can be defined by putting more relevant
atomic properties on the diagonals of four ‘classes’ of BCUT matrices: atomic
charges, polarizabilities, H-bond donor- and acceptor-abilities corresponding to the
electrostatic, dispersion and H-bonding modes of bimolecular interaction.

4. Burden’s suggestion of using nominal bond-type information for the off-diagonal
elements of the matrices was very good and should be retained. However, using
CONCORD [11] to generate 3D structures opens the possibility of putting various
functions of interatomic distance on the off-diagonals and, thereby, defining
metrics which encode information about the 3D structure.

5. Another approach to incorporating aspects of 3D structure is to use atomic surface
areas to weight the atomic properties placed on the diagonals.

6. Noting that the matrices contain atomic properties on the diagonals and connect-
ivity information on the off-diagonals, there is clearly a need for a scaling-factor to
provide the proper balance of the two types of information.

Given the large number of possible combinations of diagonal, off-diagonal and
scaling-factor choices, it is clear that some method must be developed for rationally
deciding which combination of BCUT values (eigenvalues) would form the chemistry-
space which best represents the structural diversity of a given population of compounds.
Many combinations can be quickly eliminated by requiring that the axes of the chemistry-
space be mutually orthogonal. For example, different charge-related values (e.g.
Gasteiger-Marsili charges, AM1 charges, AM1 densities, etc.) all convey the same fun-
damental information and, therefore, will be intercorrelated. On the other hand, with the
exception of the H-bond-ability matrices1, both the highest and lowest eigenvalues
should be relevant and turn out to be relatively uncorrelated. (The lowest eigenvalues of
these matrices contain ‘information’ about atoms in the molecule whch are neither 
H-bond donors or acceptors. Since all non-H-bonding atoms have the same zero value
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of H-bond-ability, the lowest eigenvalues of these matrices are information-poor.)
Sometimes, a 6-dimensional chemistry-space (two charge-BCUTs, two polarizability-
BCUTs and two H-bond-BCUTS) yields the best chemistry-space for a given popu-
lation. Often, the H-bond-acceptor- and charge-BCUTs are correlated, yielding a
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Fig. 1. (a) Cartoon representation of non-optimal two-dimensional chemistry-space showing poorly dis-
tributed compounds. (b) Representation of a better two-dimensional chemistry-space showing more evenly
distributed compounds.



5-dimensional chemistry-space. Pearlman and Smith [6,7,10] developed a powerful
‘auto-choose’ algorithm which automatically determines both the best dimensionality of
the chemistry-space and best choice of exactly which metrics best represent the
structural diversity of a given population of compounds.

The rationale for the auto-choose algorithm can most easily be explained by reference
to Figs 1a and 1b which depicts two ‘cartoon’ representations of the same population of
compounds distributed in two different two-dimensional chemistry spaces. Recall that
the most fundamental of diversity-related tasks is that of rational, structure-based
diverse subset selection. Suppose that one were asked to select a subset of 25 diverse
compounds. The chemistry-space defined by axes i and j in Fig. 1a does a poor job of
distinguishing one compound from another and positions most of the compounds in the
central ‘cell’, thereby forcing us to choose several compounds from that cell at random.
Clearly, this would be a very poor choice of chemistry-space axes for this population of
compounds since it would provide little or no advantage over a random choice made
without reference to any chemistry-space considerations. In contrast, the chemistry-
space defined by axes k and l in Fig. 1b does a much better job of distinguishing com-
pounds based on structural diversity and enables the selection of a subset of 24 diverse
compounds (satisfactorily close to the desired size of 25) by simply choosing one com-
pound from each of the 24 occupied cells. Note that by choosing compounds as close to
the center of each occupied cell as possible, we have described a very natural cell-based
subset selection algorithm which yields a set of compounds and ‘covers’ the range of di-
versity represented by the population and includes compounds which are mutually
distant from one another. Clearly, the chemistry-space yielding the most uniform dis-
tribution of compounds would best suit our purposes. However, real-world populations
will not be distributed in a perfectly uniform fashion. Valence and steric considerations
limit the continuity of structures which can be achieved and, more obviously, the
history of discovery efforts at a given company with result in corporate databases
reflecting those focused efforts. However, the x-squared statistic provides a measure of
how well one distribution matches another. Thus, minimizing the x-squared statistic can
reveal which combination of metrics yields a distribution of compounds closest to the
hypothetical uniform distribution. Simultaneously, by considering a range of dimen-
sionalities, this x-squared approach also reveals the dimensionality of the chemistry-
space which best represents the diversity of the given population of compounds.
Clearly, in order to include as much structure-distinguishing information as possible,
the algorithm will choose the highest-possible dimensionality which does not result in
correlated (non-orthogonal) axes. (Correlated axes would result in some highly popu-
lated cells along a diagonal of the chemistry-space and corresponding empty cells
surrounding that diagonal. This would yield a high x-squared and the chemistry-space
would be rejected).

Note that the x-squared approach yields the combination of metrics which best repre-
sents the diversity of a given population of compounds. For ‘truly diverse’ populations
of compounds, we are not surprized to find the same (or similar) ‘universal chemistry-
space’ definition being reported by different users. In contrast, populations result-
ing from generating different combinatorial libraries should be expected to occupy dif-
ferent and individually less diverse regions of ‘universal chemistry-space’. Clearly, the 
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x-squared approach enables us to tailor a chemistry-space to best represent a focused
population — an important diversity-related task listed in the Introduction section of
this chapter.

It should also be noted that this auto-choose, x-squared approach can be applied not
only to combinations of BCUT values, but to combinations involving any other low-
dimensional chemistry-space metrics. Although experience to date strongly supports the
use of BCUT values as metrics, software developed by Pearlman and Smith [12]
encourages the user to consider his own metrics in addition to BCUT values. However,
this must be done with extreme caution for the following somewhat ironic reason.
Imagine assigning random numbers to each of compounds of a large populations and
then considering those numbers as a potential axis of a chemistry-space. Since the
random numbers would be uniformly distributed over the population of compounds, the
x-squared approach would perceive this ‘metric’ (and other similarly random ‘metrics’)
as good choices as axes of a chemistry-space. This brings us, rather dramatically, to the
need to validate the choice of metrics used to define a chemistry-space.

4. Validation of Chemistry-space Metrics

Obviously, chemistry-space ‘metrics’ which are merely random numbers with no
relation to structure would be of no use for diversity-related tasks or any other purpose.
How can we demonstrate that a given set of metrics is actually reflecting differences in
molecular structure and, thereby, validate those metrics for use in addressing chemical
diversity-related tasks?

Perhaps the most intuitive approach to metric validation is to use the metrics as
QSAR descriptors; i.e. establish a linear regression equation relating the metrics to the
experimentally measured ‘activities’ of a set of compounds. Let us imagine that we can
put aside the differences between receptor-affinity and actual activity (due to transport
issues or secondary processes in the cascade of events between initial receptor binding
and eventual pharmacological effect). Since it would be impossible to establish a statis-
tically significant regression based on meaningless, random numbers, demonstrating
such a regression would be proof that the metrics are not random numbers, but true indi-
cators of chemical structure. After auto-choosing a six-dimensional BCUT chemistry-
space to best represent the diversity of their entire corporate database, Weintraub and
Demeter [13] used those six BCUT values to regress the logIC50 values measured for
800 ligands at the benzodiazepine site of the GABAA receptor and obtained a PLS
model essentially as good as one they obtained previously based upon 70 classical
QSAR descriptors.

While the results of Weintraub and Demeter certainly confirmed the validity of
BCUT values as chemistry-space metrics, those results are, unfortunately but not un-
expectedly, quite rare! As will be illustrated below, chemistry-space metrics are not
QSAR descriptors and rarely yield regressions as good as that reported by Weintraub
and Demeter. Chemistry-space metrics are intended to position compounds in a struc-
ture-based chemistry-space. QSAR descriptors are intended to provide quantitative esti-
mates of bioactivity. Chemistry-space metrics are intended to reflect (in a necessarily

Robert S. Pearlman and K.M. Smith

346



crude manner) all features of molecular structure. In contrast, QSAR descriptors are
specifically chosen to reflect (as accurately as possible) only those features of molecular
structure which have been found relevant for a particular bioactivity. It is well known
that QSARs will give unreliable estimates of activity when applied to compounds con-
taining structural features not present in the training set used to identify the ‘relevant’
features characterized by the QSAR descriptors. We certainly should not expect QSARs
based on chemistry-space metrics to do any better since (i) the metrics were not
intended for this purpose and (ii), as will be explained below, position in chemistry-
space is not quantitatively related to activity.

How, then, should chemistry-space metrics be validated? Pearlman and Smith [10]
have presented a simple yet novel approach to metric validation which they refer to as
activity-seeded, structure-based clustering. Unlike typical clustering algorithms (based
on structure alone) which can be used for a variety of tasks, this algorithm requires
activity data (preferably, quantitative data) for a set of compounds and is intended only
for the diversity-related task of validating chemistry-space metrics. Given a set of active
compounds which all bind to a given receptor in the same way, it is certainly reasonable
to expect that those active compounds should be positioned near each other in a small
region of chemistry-space if the chemistry-space metrics are valid. The activity-seeded,
structure-based clustering algorithm provides a method for directly testing that expecta-
tion in the typical case in which the chemistry-space dimensionality is greater than 3
and, thus, simple visual inspection of the distribution of active compounds is difficult or
impossible. The algorithm consists of the following procedure:

1. Choose a unit-cluster radius: a small distance in the chemistry-space to be
validated.

2. Center a sphere of that radius on the most active compound in the validation set.
3. Assign other active compounds located within that sphere to that ‘unit-cluster’.
4. Center another sphere on the next most active compound not already assigned to

some unit-cluster.
5. Repeat steps 3 and 4 until all active compounds have been assigned to some 

unit-cluster.
6. ‘Coalesce’ adjoining (overlapping) unit-clusters and record the number of unit-

cluster spheres per coalesced-cluster.

The algorithm can be implemented as an O(N) process and, thus, is extremely fast.
More significantly, the algorithm can be used to validate all types of chemistry-space
definitions including other (non-BCUT) low-dimensional chemistry-spaces and those
based on high-dimensional fingerprints as well. When used in a cell-based context, the
unit-cluster radius is typically chosen to yield a tiny hypersphere of volume equal to that
of a single hypercubic cell reflecting the ‘resolution’ corresponding to a user-specified
number of bins/axis (see below). In any case, the total number of unit-cluster spheres
contained in all coalesced-clusters provides an upper bound on the volume of chemistry-
space required to contain all the active compounds.

Using the activity-seeded, structure-based clustering algorithm, Pearlman and Deanda
[14] have performed a number of validation studies. For example, after auto-choosing
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the BCUT chemistry-space which best represents the diversity of compounds in MDL’s
MDDR database [15], they computed the positions of 197 relatively diverse ACE
inhibitors in that chemistry-space. The 197 inhibitors were culled from the primary
literature [16–23]. Measured activities (–logIC50) were reported for all compounds and
spanned the range 5.24 to 9.64. The 78 most active compounds (top 40%) had activities in
the range 7.85 to 9.64 and were identified as ‘highly active’ compounds. If the BCUT
values used as chemistry-space metrics were random numbers or quantities unrelated to
structure and intermolecular interaction, the active compounds would be randomly distrib-
uted throughout chemistry-space. However, using the activity-seeded, structure-based clus-
tering algorithm, they found that the 78 ‘highly active’ compounds are all contained by just
3 coalesced clusters occupying less than 0.02% of the entire chemistry-space and less than
0.19% of occupied chemistry-space. Significantly, the 3 clusters were close to each other;
the largest inter-cluster distance being just 3.2R where R is the unit-cluster radius.

It is instructive to consider the analogous results obtained using all 197 compounds
(including the 119 ‘poorly active’ compounds). Once again, the active compounds were
all clustered relatively near each other but they occupied a much larger volume of
chemistry-space than that occupied by just the 78 ‘highly active’ compounds. This
result is entirely consistent with expectations. There can be many different structures
which exhibit poor to modest activities. In contrast, there are relatively fewer structures
which exhibit high activities. This fact may be easier to appreciate by considering the
notion of making structural modifications of a very highly active compound. There may
be a few modifications which preserve high activity but there are far more modifications
which reduce or even completely destroy activity.

The fact that poorly to modestly active compounds are spread over larger regions of
chemistry-space than highly active compounds illustrates one reason for which
chemistry-space metrics cannot (and should not) be used as QSAR descriptors.
Compounds with significantly different structures would be positioned at widely distant
points in chemistry-space but could exhibit low or moderate bioactivities (or affinities)
of exactly equal magnitudes. The converse illustrates a second reason for which chem-
istry-space metrics cannot (and should not) be used as QSAR descriptors. For example,
adding just a single methylene unit to the middle of the –CH2CH2OH side chain of some
highly active compound could completely destroy the activity if the propyl-hydroxy de-
rivative no longer fits into the receptor. Thus, two highly similar compounds (which any
valid metrics would place very near each other in chemistry-space) could have entirely
dissimilar activities. Clearly, neither QSAR nor any other approach based on the as-
sumption of a quantitative relationship between activity and precise position in chem-
istry-space will be a valid approach to metric validation. On the other hand, the
activity-seeded, structure-based clustering approach clearly indicates whether a given
set of metrics places compounds active against the same receptor in the same small
region of chemistry-space and, thus, provides a rational basis for metric validation.

5. Using Low-dimensional Metrics for Diversity-related Tasks

Once one has determined which metrics define the chemistry-space which best repre-
sents the diversity within a given population of compounds, one is then able to use
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various cell-based algorithms to address all of the other diversity-related tasks men-
tioned in the introductory section of this chapter. Recall that such algorithms can exploit
not only the knowledge of inter-compound distances, but also the knowledge of
absolute positions of compounds in chemistry-space. Structurally similar compounds
are positioned near each other in chemistry-space and, thus, are found ‘clustered’ in the
same or neighboring cells.

A chemistry-space, like any other vector-space, must be comprised of normalized axes
(so that a distance of, say, 4 units in one direction is equivalent to a distance of 4 units in
any other direction). Thus, the ‘cells’ are hypercubes resulting from dividing each of the
normalized axes of a chemistry-space into equal numbers of evenly spaced ‘bins’. The
number of bins/axis is directly related to the ‘resolution’ with which one examines the dis-
tribution of compounds across chemistry-space and is inversely related to the apparent
‘occupancy’ of that chemistry-space. For example, if 250 000 compounds are distributed
in some 6-dimensional chemistry-space and each axis is ‘divided’ into just one single bin,
all 250 000 compounds would be contained in just one single cell. The occupancy
(number of occupied cells divided by total number of cells) would be 100% but the
resolution would, obviously, be uselessly low. If each axis were divided into 20 bins, there
would be 206 = 64 000 000 tiny cells. In this case, the occupancy would be extremely low
and the resolution would be uselessly high: most cells would be empty and even very
similar compounds could be in different, non-neighboring cells. Cell-based algorithms for
some tasks automatically choose the number of bins/axis most appropriate for that task
and population. Other tasks require that the user decide on the resolution (see below).
Recalling that typical populations of compounds are not uniformly distributed, experience
has shown that choosing the number of bins/axis which yields roughly 12% to 16%
occupancy provides an appropriate level of resolution for most purposes.

6. Simple and Biased Diverse Subset Selection

Our explanation of the x-squared approach to auto-choosing the metrics of a chemistry-
space also illustrated the essence of the natural, cell-based approach to diverse subset
selection. As implied in that illustration, we recommend selecting one compound from
each occupied cell, although our software also allows one to sample each cell in pro-
portion to its occupancy or by selecting up to some fixed number of compounds per cell.
Once the user has specified the sampling protocol (number per cell) and the size of 
the desired subset, the software automatically finds the number of bins/axis which
yields the number of occupied cells required to provide a subset closest in size to 
that requested. Cell-based algorithms are extremely fast and especially well-suited to
handling very large populations of compounds. Even if the software must make three 
of four guesses before finding the best number of bins/axis, selecting a subset of 
50 000 structurally diverse compounds from a population of 0.5 million would take
approximately 20 cpu seconds on a modest workstation.

By selecting compounds nearest the center of each cell, we can avoid choosing com-
pounds near each other but just barely on opposite sides of a plane separating two cells.
In other words, by selecting compounds nearest the center of each cell, we are selecting
a subset of maximal structural diversity, namely simple diverse subset selection.
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Biased subset selection can easily be accomplished by allowing the user to construct
a modified selection rule. In other words, rather than choosing the compound nearest the
center of a given cell, one can arrange to choose the compound which provides the best
(user-specified) compromise between distance from center and some non-structural
property. For example, given a choice between two compounds from the same small
region (cell) of chemistry-space, availability (price, quantity on hand, etc.) might cer-
tainly be important considerations for assembling a subset for general screening pur-
poses. Recalling that logP is a poor chemistry-space metric but, nevertheless, quite
important for bioactivity, choosing compounds from each cell closest to some particular
‘ideal’ logP could be advantageous.

Biased subset selection can also be used to improve the efficiency and economy of
combinatorial library synthesis. Imagine that 1000 A-type and 1000 B-type reactants
could be used to make 1 000 000 AB-type products but that just 10 000 products are
desired for screening purposes. Selecting 100 diverse A’s and B’s offers obvious prac-
tical advantages but, clearly, does not yield as diverse a set of 10 000 as could have
been selected from the complete set of 1 000 000 products. Simple diverse subset selec-
tion from all the products would undoubtedly result in the need to use many more than
100 of each type of reactant. By keeping track of the frequency with which each
reactant is used in the products being selected, and by specifying the format of the
plates used for the syntheses (e.g. typical 8 3 12 = 96-well plate), DiverseSolutions
[12] used in conjunction with CombinDBMaker (for combinatorial database generation
[24]) enables the user to specify a selection rule which chooses compounds providing
the best (user-specified) compromise between distance from center of cell and economy.

7. Identifying and Filling in Diversity Voids

In order to address the possibility of finding leads to bioactive compounds in regions of
chemistry-space not covered by their current collection of compounds, pharmaceutical
and agrochemical companies allocate a certain fraction of their resources to compound
acquisition programs: purchasing, trading for or synthesizing additional compounds for
screening. Practical considerations (cost, screening capacity, etc.) limit the number of
compounds companies choose to acquire.

Identifying and filling in diversity voids is trivially simple using cell-based algor-
ithms. Obviously, ‘empty’ cells represent regions of missing diversity. ‘Empty’ can be
defined to mean either that the cell contains no compounds or that it contains less than
some user-specified number. When identifying the diversity voids in a given population
of compounds, the number of empty cells will depend not only on how those com-
pounds are distributed, but also upon the ‘resolution’ at which the ‘search’ for empty
cells is performed. Whereas the number of bins/axis can be chosen by the software
during subset selection, the user must choose the number of bins/axis which will yield a
number of diversity voids consistent with those practical considerations which limit the
number of compounds his company chooses to acquire (see below).

Since cell-based algorithms (unlike distance-based algorithms) reference absolute
compound coordinates in chemistry-space, filling in diversity-voids is also trivially
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simple using cell-based methods: compounds (from some secondary population) are
acquired if they would occupy a previously ‘empty’ cell in the chemistry-space con-
taining the primary population. Of course, this entails precomputing the coordinates
(metrics) of the secondary population in the same chemistry-space as that used to
contain the primary population. Since we know exactly which cell would be filled by
each candidate compound, we can easily bias our choice of fill-in compounds using the
same sort of non-structural criteria as discussed for biased subset selection. The user can
also specify how many compounds he wants to add to ‘empty’ cells. DiverseSolutions
then presents the list of compounds to acquire in various formats to facilitate purchase
decisions (e.g. compounds which would ensure at least 1 compound in each ‘empty’
cell, compounds which would ensure at least 2 compounds in each ‘empty’ cell, etc.).

Finding the diversity voids in a population of 0.5 million compounds typically takes
less than 5 cpu seconds on a modest workstation. Filling in those voids (to the extent
possible) from a library of 50 000 compounds typically takes less than 4 cpu seconds.
Thus, the user can easily experiment with several values of bins/axis and several 
filling-in protocols.

It is worth noting that the filling-in process does not require any information about
the compounds contained in the primary population. All that is required is the definition
of the chemistry-space (i.e. name and range of the metric corresponding to each axis),
the number of bins/axis, and the cell-numbers of the ‘empty’ cells. Thus, without
revealing the compounds in its proprietary database, company X can, in essence, enable
company Y to identify compounds which would fill in company X’s missing diversity.

8. Comparing the Diversities of Two or More Populations

Occasionally, it may be useful to compare the diversities of two (or more) populations
of compounds — perhaps alternative third-party libraries one could purchase or alter-
native combinatorial libraries one could synthesize to augment the diversity of a cor-
porate database. Distance-based approaches merely allow the comparison of statistics
related to nearest-neighbor distances within the two populations. Such statistics provide
no information regarding the redundancy of compounds contained in both populations,
or even the extent to which the regions covered by the populations overlap in chemistry-
space.

In contrast, a cell-based approach provides an extremely rapid answer to the funda-
mental, pragmatic questions at the heart of the population comparison issue: if popu-
lation A and population B are alternative libraries and population X is a corporate
database,

1. how many population-A compounds fill voids in population X?
2. how many population-B compounds fill voids in population X?
3. how many population-A compounds fill voids in population B?
4. how many population-B compounds fill voids in population A?

Questions 1 and 2 are easily answered by identifying the voids in population X and
hypothetically using both populations A and B to fill those voids. Similarly, questions 3

Novel Software Tools for Chemical Diversity

351



and 4 can be answered simultaneously by a ‘compare diversities’ algorithm which, es-
sentially, performs two find-voids and fill-in tasks at the same time. In addressing ques-
tions 1 and 2, it is natural to use the chemistry-space which best represents the diversity
of population X. In addressing questions 3 and 4, one might use a chemistry-space pre-
viously defined for some related population or use a chemistry-space defined to best
represent the union of the A and B populations.

9. Summary

If properly constructed, high-dimensional (fingerprint) and low-dimensional metrics can
provide equally valid representations of chemistry-space for chemical diversity pur-
poses. High-dimensional metrics offer the advantage of providing substantial detail
regarding the topological aspects of molecular substructure but suffer the disadvantage
that they can be used only for distance-based algorithms for addressing the various
diversity-related tasks encountered in pharmaceutical and agrochemical industry. Low-
dimensional metrics offer the advantage of enabling the use of either distance-based or
cell-based algorithms but traditional molecular descriptors are often cross-correlated,
provide little or no substructural information and, thus, are poor choices for chemistry-
space metrics. BCUT values constitute a novel class of molecular descriptors which not
only encode substructural topological (or topographical) information, but also encode
atom-based information relevant to the strength of ligand–receptor interaction.

We have presented an algorithm for choosing those low-dimensional metrics which
best represent the diversity of a given population of compounds, an algorithm for
validating the chosen metrics and cell-based algorithms using those metrics to address
all of the diversity-related tasks. Work is currently in progress to develop additional
metrics and a more efficient implementation of the algorithm for choosing the best
chemistry-space.
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