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IcePick is a system for computationally selecting diverse sets of molecules. It computes the
dissimilarity of the surface-accessible features of two molecules, taking into account confor-
mational flexibility. Then, the intrinsic diversity of an entire set of molecules is calculated
from a spanning tree over the pairwise dissimilarities. IcePick’s dissimilarity measure is
compared against traditional 2D topological approaches, and the spanning tree diversity
measure is compared against commonly used variance techniques. The method has proven
easy to implement and is fast enough to be used in selection of reactants for numerous
production-sized combinatorial libraries.

Introduction

Combinatorial chemistry is now a standard tool in
drug development.1-4 Directed combinatorial chemistry
involves the synthesis of families of analogues of active
compounds, perhaps targeted toward a protein’s X-ray
crystal structure. Unbiased screening, in contrast,
requires large libraries of compounds for assay against
targets that may be unknown at the time of synthesis.
The goal of the unbiased strategy is to maximize the
probability that the library contains novel ligands for a
broad variety of targets. Such a library should contain
a diverse set of molecules, to minimize redundancy
while providing a representative sample of the full range
of molecules that could theoretically be made. This
manuscript describes a computational approach toward
the design of such libraries.

Given a large collection of molecules meeting any
number of prespecified conditions such as cost, avail-
ability, ease of synthesis, or global physicochemical
profile, the molecular diversity problem involves the
selection of a smaller collection that best represents the
larger set. The diversity problem is typically broken into
two parts: “pairwise dissimilarity” and “set diversity”.
Pairwise dissimilarity measures the molecular distance
between two molecules. Set diversity requires the selec-
tion of a diverse subset of molecules and typically uses
the pairwise measure in computing the overall diversity
of a larger set.

IcePick’s computation of molecular dissimilarity is
based upon two previously validated techniques for
representing and comparing molecules. The first tech-
nique is the shape-based binding site model used in
Compass.5 The second technique involves fast flexible
conformational search in the presence of a binding site
model, similar to the Hammerhead docking method.6
Both of these techniques have been proven effective in
biological test systems.5-8

Many other common approaches to molecular diver-
sity9-12 attempt to maximize the number of different
values of global features such as log P, mass, or number
of rings. IcePick considers the steric and electronic
properties of 3D molecular surfaces, taking into account
molecular flexibility. It is hoped that by selecting diverse
molecular surfaces, IcePick more directly attacks the
problem of maximizing the chance of finding leads in a
variety of protein binding screens.

For the computation of set diversity, we introduce a
new approach that uses “minimum weight spanning
trees”. A minimum weight spanning tree is the shortest
way of interconnecting a set of points. For our molecular
diversity application, it is used to give a measure of the
overall “spread”, or diversity, of a set of molecules.
Because of this, the spanning tree method can estimate
the intrinsic diversity of a set; it is not limited to
comparing relative diversities of sets. Additionally, it
eliminates the near-duplicate selections that are some-
times made by commonly used variance or additive
measures.

Methods
Pairwise Dissimilarity. The IcePick dissimilarity measure

is based on the explicit comparison of surface-accessible steric
and polar features, as derived from simultaneous 3D confor-
mational analysis of pairs of molecules. A representative set
of low-energy conformations of each molecule is generated.
Each molecule is then flexibly docked into the other’s molecular
surface representation. This docking attempts to maximize the
alignment of surface features such as hydrophobic surface
area, hydrogen bond donors, and hydrogen bond acceptors. The
dissimilarity is then computed from the set of optimized
alignments.

The starting set of conformations is generated using random
sampling and force field minimization. The goal is to generate
a small set (<15) of conformations that are low in energy and
representative of the overall conformational profile of each
molecule. The set is created as follows. Starting with a single
minimized conformation, a large family of unminimized con-
formations is created by (1) inverting chiral centers as ap-
propriate, (2) substituting common conformations of flexible
rings from a precomputed library, and (3) sampling rotatable
bonds at up to three torsion angles. If this set is too large
(>100), then up to 100 members are sampled at random. These
are all energy-minimized. Those with energies larger than
125% of the minimum energy are eliminated. The remainder
are rms-filtered to choose up to 15 of the most “different”.
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This set of conformations is intended to be representative
of the conformational range of a molecule while being sparse
enough for efficient computation. The set of conformations can
contain either pure or mixed enantiomers as appropriate.
Chiralities are not altered during the subsequent alignments.
We have not examined alternative conformation generation
strategies in detail, though we believe that any method which
produces a reasonably representative set of starting conforma-
tions will produce qualitatively similar overall results. In
particular, we chose the DREIDING force field13 for its
convenience and efficiency; other force fields would be accept-
able.

To estimate how well molecule B imitates molecule A,
IcePick computes how well B flexibly imitates each precom-
puted conformation of A. The average of all these alignments
is taken as a measure of how well molecule B is able to imitate
an average conformation of molecule A. The overall similarity
of A and B is calculated as the average of B’s ability to imitate
A and A’s ability to imitate B. A flexible molecule is often able
to imitate a rigid molecule, while the rigid molecule is rarely
able to imitate the flexible one, so these two terms can differ.
We average A’s ability to imitate B with B’s ability to imitate
A to get a symmetric score. Overall, the similarity measure is
a blend of the best-fit and average-fit between the two
molecules. The similarity ranges from 0 to 1, where 1 means
identical. The distance, or dissimilarity, between A and B is
1.0 minus the similarity. We refer to the dissimilarity measure
as the IcePick measure and denote it d(A, B). We note that
our measure is not, in general, a metric, but this is a technical
consideration.

The per-conformation dissimilarity score is computed using
the flexible docking techniques of Hammerhead described in
ref 6 and the molecular surface scoring of Compass.7,14 We
briefly review the relevant portions of those approaches here.

Similarity between two molecules held in a fixed alignment
is measured using their surface-accessible features as mea-
sured by Compass. A molecule’s surface is probed using two
spherical shells of probe points surrounding the molecule at
radii of 6 and 9 Å. There are 42 probe points spread evenly
over each sphere. Three features are computed at each probe
position: hydrophobicity, hydrogen bond donation, and hy-
drogen bond acceptance. This gives a total of 252 features.
Each feature is assigned a value equal to the distance between
that probe point and the nearest atom of the molecule
possessing the appropriate characteristic (donor, acceptor,
hydrophobic). Positively charged atoms are treated as hydro-
gen bond donors, negatively charged atoms as acceptors. These
features are computed for both of the molecules being com-
pared. The difference in value of corresponding features on
the two molecules represents the dissimilarity in their sur-
faces. In the case of polar features, preferred hydrogen bond
orientations are also computed, and the magnitude of the angle
between the orientations increases the difference between
features. These 252 differences are smoothed slightly using a
Gaussian weighting function and then are summed and
rescaled to give a dissimilarity score within a 0-1 range. This
measure is defined for molecules in a fixed alignment, but it
can also be used to optimize a given alignment. The features
are differentiable almost everywhere, which means that
gradients can be computed and standard optimization tech-
niques can be used to find simultaneous orientation and
conformation parameters that minimize the difference between
the two molecules. As was the case in Compass, IcePick uses
a brief optimization step to “polish” the similarity score. This
step varies the position, orientation, and torsion angles of one
molecule.

A coarse conformational search is applied in order to get a
set of fixed alignments for the above similarity calculation.
This requires finding the best possible alignment of one
molecule to the other’s surface representation. We have
adapted the Hammerhead molecular docker’s search engine
to perform this task. For a fixed conformation of molecule A,
molecule B undergoes an extensive flexible search. From a
single starting conformation of B, many conformations are

generated by a combination of random orientation, variation
of torsion angles, and substitution of precomputed ring con-
formations. During this process, self-penetrations are avoided,
and chirality is maintained. The similarity between A and B
is then computed for each conformation of B, and the optimi-
zation described above is applied to the most similar align-
ments.

Alternatively, these flexible dockings can be constrained by
superimposing the shared moieties of A and B and keeping
them fixed. This is useful for selecting a diversity set of side
chains that will all join to the same fixed location on a scaffold.
In this case, the docking time is reduced by an order of
magnitude. Note that our similarity search uses the similarity
score as an objective function and uses the conformational
energy as a soft constraint, by disallowing high-energy con-
formations. A combined approach could use a weighted sum
of the similarity and conformational energy. We have not
explored this possibility.

Our system has mostly been used for reactant selection,
where common moieties determine how the reactants would
attach to common scaffolds. We have not used the system for
database mining or other large similarity searches. We also
note that molecules of substantially different sizes will usually
score as being fairly dissimilar, as the small one will pull most
of the features in and the large one will push most of the
features out. In some cases, partial similarity can be achieved
when part of each molecule’s surface aligns exactly, at the
expense of a complete mismatch along the remaining surface.

A dissimilarity calculation typically takes about 40 s on a
single DEC Alpha workstation. For efficiency, all dissimilari-
ties calculated are stored in the GNU GDBM database,15 so
that no dissimilarity is ever calculated twice. Currently,
approximately 0.5 million dissimilarity results are stored in
our GNU GDBM database. This represents almost 1 CPU year
of computation.

Diversity of a Set of Molecules. Having presented the
IcePick method for computing the dissimilarity between two
molecules, we now show how to use this method to build a
system that selects diverse sets of molecules. This set diversity
algorithm satisfies our overall goal of designing diverse
combinatorial libraries.

IcePick computes the diversity of an entire set of molecules
using a structure called a “minimum weight spanning true”.16

Loosely speaking, a minimum weight spanning tree, or MWST,
is the shortest way to indirectly interconnect a set of points.
We will use the size of the MWST as a measure of diversity,
because when the MWST is large, the points are very “spread
out”.

In the molecular diversity setting, we define the minimum
weight spanning tree as follows. For a collection of n mol-
ecules: M1, M2, ..., Mn, a spanning tree is any collection of n -
1 pairs of molecules that connects all of the molecules
(indirectly) with each other. For example, with n ) 4, the three
edges (M1, M2), (M1, M3), and (M1, M4) form a spanning tree.
In this example, we say M2 is connected to M4 because there
is an edge from M2 to M1 and one from M1 to M4. The three
pairs (M1, M2), (M2, M3), and (M3, M4) form another spanning
tree. The pairwise dissimilarity d(M1, M2) is assigned as the
weight of edge (M1, M2). Then the weight of a particular
spanning tree is the sum of its n - 1 edge weights. A minimum
weight spanning tree is a spanning tree with the least possible
weight. The diversity of a set of molecules is the weight of the
minimum weight spanning tree over that set. The minimum
weight spanning tree calculation can be done efficiently using
Kruskal’s algorithm.16,17

A few technical notes about minimum weight spanning
trees: While easy to compute, the weight of the minimum
weight spanning tree over a set of points is not monotonic. Its
measure of diversity can increase or decrease when items are
added. A structure called a Steiner tree is similar to a
minimum weight spanning tree and the weight of the mini-
mum Steiner tree is monotonic. However, computing the
Steiner tree-based score of a set of points is considered
computationally intractable [18], and finding the minimum
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would be even more difficult. Because of the difficulty of
computing Steiner trees, we use the spanning tree measure,
despite its lack of monotonicity. Spanning tree methods have
been used previously for chemical clustering;19,20 recently, their
use as diversity set scores has been rediscovered.21

So far, we have described a system that computes a diversity
score for a set of molecules. The goal is to find a small set with
a high diversity score. IcePick does this with a simple “swap-
one” optimization heuristic. The algorithm starts with a
random subset of k molecules and then attempts to improve
the set’s diversity score by swapping in new molecules. All of
the molecules under consideration are placed in a list in
arbitrary order, and each molecule A in the list is compared
against every molecule B in the set to see if swapping A for
B improves the set’s score. Molecule A then replaces the
molecule B that yields the largest increase (if there is such a
B). This replacement, including the selection of the most
favorable molecule B to remove from the current set, can be
performed in the time to compute a minimum weight spanning
tree on the current set plus the potential new molecule. After
the substitution, the scan continues for new replacement
molecules A, without returning to the beginning of the list.
The complete scan of the list is repeated until no further
improvements are possible. The resulting set is “locally
optimal”, because no single molecule swap can improve the
score.

A nice consequence of this method is that it helps minimize
the number of dissimilarities computed. Suppose one wanted
to select k molecules from a set of n molecules. There are n(n
- 1)/2 dissimilarities implied by the set of n molecules.
However, local optimality of the set can be tested by looking
at approximately kn edges. Typically the number of scans has
been about 5, which requires the computation of only 5kn edges
(an advantage when k < n/10). For a typical application such
as “pick 22 amines out of a set of 1500 amines”, the speedup
is quite significant: if IcePick converges in 5 scans, then no
more than 165 000 dissimilarities are used in IcePick even
though the total set of 1500 molecules determines 1 124 250
dissimilarities, so fewer than one-sixth of the possible dis-
similarity computations were needed.

Figure 1 shows the selection of 25 points from 1000 points
distributed uniformly in the unit square using the spanning
tree set measure and our swap-one optimization method. This
simple example has previously been used as a diversity “sanity
test”.22 Our swap-one algorithm was compared to a standard
greedy algorithm in this simplified setting. The greedy method
builds a MWST one point at a time by repeatedly adding the
point that maximally increases the weight of the MWST. The
swap-one optimization method takes significantly longer than
the greedy method but produces a selection with a 9% lower

(better) score. In this setting, commonly used variance meth-
ods, discussed under Variance Measures, select points far from
the set’s centroid and hence would pick clusters of points from
the corners of the square. However, in a more realistic, high-
dimensional setting, a larger portion of the space is “near the
periphery”, so the difference in the variance algorithm’s
behavior would be less pronounced.

The swap-one heuristic finds good diversity sets, but it is
not guaranteed to always find a globally optimal solution.
Finding an optimal solution under the spanning tree measure
is considered computationally intractable, since it can encode
independent set detection18 and there are no known algorithms
for this class of problems that simultaneously guarantee
accuracy and speed. Other optimization techniques, such as
the greedy method17,23 or simulated annealing,22,24 could be
used, but initial experiments have not indicated any substan-
tial advantage in using such techniques.

Results and Discussion
We now present the results of running IcePick on a

variety of test cases and discuss other approaches and
related issues. First, IcePick’s 3D surface-based pairwise
dissimilarity measure is compared with 2D topological
measures. Then the minimum weight spanning tree
method for set diversity is tested and compared to
variance-based approaches. We also discuss an exten-
sion that allows rapid inference of IcePick dissimilarities
without explicitly computing them.

Substitution Search. Our first example compares
IcePick’s pairwise dissimilarity measure against a to-
pological approach in the simple problem of searching
for a substitute molecule that is similar to a given
molecule. Whereas IcePick dissimilarities involve the 3D
flexible shapes of molecules, topological approaches such
as that of Daylight’s Merlin tool25 do not consider shape
or conformational analysis. Molecules are summarized
by determining all local neighborhoods (also called
fragments, 2D, or topological features) of each atom. The
similarity of two molecules is determined by the number
of shared local neighborhoods. This count is then
“Tanimoto” normalized by dividing by the total number
of different local neighborhood types found in the two
molecules. This topological method does not abstract
away chemical information, because it is intended to
solve the molecular similarity problem for many ap-
plications, including predicting chemical reactions.

Consider the three molecules depicted in Figure 2.
Suppose a set of molecules included the chemically
undesirable molecule 2-(trimethylsilyloxy)benzaldehyde.
An ideal replacement would have a similar structure
without the offending silicon. Merlin and IcePick were
given a set of 10 000 molecules from the Available
Chemicals Directory26 from which to choose a substitute.
The chemical similarity engine found in Merlin suggests
4-(trimethylsilyloxy)benzaldehyde as a structurally near
replacement. IcePick suggests the strong structural
analogue 2-(tert-butylthio)benzaldehyde shown in Fig-
ure 2. Incidentally, this substitute has an almost

Figure 1. 25 Points selected from the unit square.

Figure 2. Substitutions with topological and IcePick similar-
ity measures.
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identical molecular weightseven though this is not a
feature considered by IcePick.

Under Merlin’s topological measure, the 2-(trimeth-
ylsilyloxy)benzaldehyde to 4-(trimethylsilyloxy)benzal-
dehyde substitution is conservative. As much as possible
of the molecule was retained (up to the offending silicon)
and the rest removed without any replacement. IcePick’s
surface-based measure, on the other hand, replaces
2-(trimethylsilyloxy)benzaldehyde with 2-(tert-butyl-
thio)benzaldehyde. It is chosen not because the chemical
diagrams look similar but because for every conforma-
tion of 2-(trimethylsilyloxy)benzaldehyde, there is a
nearly identical conformation of 2-(tert-butylthio)benz-
aldehyde, and vice versa. Of course, different topological
systems with different descriptors such as in refs 27 and
28 might suggest the same substitution that IcePick
does in this simple example.

Comparison with Topological Dissimilarity. We
now compare IcePick dissimilarity with topological
dissimilarity for 1000 pairs of molecules and show that
the two measures are not well-correlated. This provides
quantitative evidence that they are computing truly
different properties (though it does not make a qualita-
tive statement about which is “better”).

Figure 3 plots IcePick versus 2D (topological) dis-
similarity and shows that they are not strongly cor-
related. Approximately 2000 random primary amines
were selected from the Available Chemicals Directory.26

Then 1000 pairs of these molecules were selected. For
each pair, both the topological distance and IcePick
dissimilarity were computed and plotted on the graph
in Figure 3. In this graph, each point is one of the pairs
of molecules, the x-coordinate is the square root of the
number of local neighborhoods in which the pair differs
(or in the Euclidean distance), and the y-coordinate is
the IcePick dissimilarity. The linear correlation coef-
ficient (Pearson r) is below 0.4, indicating that IcePick
computes something different than the topological
system. The Tanimoto normalization (which would alter
the x-coordinates so all the points are in the interval
[0, 1]) has been left out as it nonuniformly compressed
the x-range and made the trend even worse. Hamming
distance (or squared Euclidean distance) also worsens
the correlation.

Diverse Subset Selection: Amino Acids. Another
simple example examines the classification of the 20
natural amino acids. The dissimilarity measure can be
used to suggest substitutions. For instance, it selects
arginine as the nearest analogue to lysine, which agrees
with common observations.29 Furthermore, IcePick’s
choice of a diversity set of size 5 from the 20 natural
amino acids is arginine, aspartic acid, glutamine, ty-
rosine, and proline. This selection hits all four classes
of the typical amino acid classifications: basic, acidic,
uncharged polar (twice), and nonpolar.30 The IcePick
selection of size 4 does not include representatives of
all four classes, because IcePick considers shape and
steric factors in addition to polar factors.

Minimum Weight Spanning Trees. The amino acid
test case above is reasonably simple because there are
only 20 amino acids that have built-in diversity. For
larger, more practical problems, the data are often
unfavorably and nonuniformly clustered. This makes
diversity selection more difficult but is also the setting
in which diversity selection is desirable. The next
example shows how the minimum weight spanning tree
method automatically handles nonuniform data.

Consider Figure 4, in which the four disks represent
four molecules and the dissimilarities are indicated by
distance (i.e., disks drawn near each other are similar
and disks drawn far apart are dissimilar). The lines
drawn form a minimum weight spanning tree. The
IcePick diversity score is the sum of the lengths of the
three drawn edges. IcePick automatically recognizes
(without using a clustering algorithm to preprocess the
data) that almost all of the diversity of this set is due
to the one long edge.

A variance-based system (Variance Measures section)
would add the lengths of all six possible edges in the
diagram (including four long edges). In such a variance-
based system, one could add significant diversity to the
set by adding a near duplicate of any of the four
molecules, whereas under the spanning tree method a
near duplicate molecule never adds a significant amount
of diversity.

A more complicated example is found in Figure 5. In
this diagram, all the squares and triangles represent
idealized molecules with dissimilarities again indicated
by distance. Each of the five rows in this figure depicts
the minimum weight spanning tree drawn between a
set of points in two clusters. Only the intercluster
distance varies between rows. IcePick initially scores the
diversity of the whole sets as the diversity within the
squares plus the diversity within the triangles plus the
dissimilarity between the nearest square and triangle.

As the distance between the two clusters is increased
the diversity score decreases similarly, until the two
clusters join. At this point, the spanning tree drawn
through the squares starts taking shortcuts through the
spanning tree drawn through the triangles. IcePick
determines that the diversity score is significantly below
the sum of the diversities of the two original clusters.

Figure 3. Topological features versus IcePick dissimilarity.

Figure 4. Minimum weight spanning tree for four ideal
molecules.
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Note that only the spanning tree method has been
used in these examples. Any clustering occurs implicitly,
without the use of a separate clustering algorithm or
preprocessing.

Practical Experience. The IcePick approach is
robust and fast enough for use in a practical setting.
IcePick has been in routine use at Axys since November
1996. Since then, it has routinely solved problems such
as picking 10-40 diverse side chains from a set of 200-
3000 possibilities, with runtimes of 4-5 days. These
selections have been used as the reactants in a number
of combinatorial libraries that now total over 50 000
diverse compounds.

Inferred Dissimilarities. An important property of
the IcePick dissimilarity measure is that it is “stable”.
This means that if many dissimilarities are known, new
dissimilarities can be accurately estimated without
explicitly computing them. This greatly speeds up the
diversity algorithm. If one has computed the IcePick
distances from x to a preselected set of sentinel mol-
ecules, M1, M2, ..., Mk, and the distances from y to the
same set, M1, M2, ..., Mk, then one can predict d(x, y),
without rerunning the IcePick algorithm or using any
additional knowledge about the molecules x and y.

The idea is similar to “affinity fingerprinting”.31,32 The
concept is: if one know, for a given molecule, its assay
value for many assays, then one would (in a biological
sense) know everything there was to be known about
the molecule. For example, one could make a crude
prediction of the molecule’s behavior in a new assay
using assays thought to be most similar to the new

assay. Thus, a molecule is itself represented by its list
of assay results.

A similar effect is known for the IcePick molecular
dissimilarity score. Let {M1, M2, ..., Mt} be a selection
of t molecules chosen to be diverse (either by IcePick or
by hand). For two arbitrary molecules A and B, let d(A,
B) be the IcePick dissimilarity of A and B. Then we have
found the following distance geometry-based method33

of encoding molecules as vectors in (t - 1)-dimensional
space IRt-1 to be useful.

First t vectors x1, x2, ..., xt ∈ IRt-1 are chosen such
that

This can be done by a minimization algorithm or using
a matrix method such as Cholesky decomposition.34

Then the molecule A is encoded by finding a point xA ∈
IRt-1 that minimizes the expression

The new approximate dissimilarity function is

For 1000 random pairs of molecules (Figure 6), a graph
of γ(A, B) (using t ) 50 “basis molecules”) versus d(A,
B) shows a Pearson linear correlation coefficient of about
0.85. This is why we refer to IcePick dissimilarities as
being stable.

This allows us to choose k molecules out of n looking
at only tn edges (when a basis of size t is used). This
can again yield a very substantial savings. For instance,
with n ) 1500, k ) 22, and t ) 32, only 48 000
dissimilarity calculations are needed, or less than one-
twenty-third of the total possible computations needed.
The basis set size t represents a “speed versus accuracy”
control that should not be set too low.

The ability to find a set of points in IRt-1 that well-
represents IcePick dissimilarity data as pairwise dis-
tances naturally leads one to ask if there is a minimal

Figure 5. Two clusters drawn at five different distances.

Figure 6. Inferred dissimilarity γ(A, B) versus computed
dissimilarity d(A, B).

||xi - xj|| ≈ d(Mi, Mj) for all i, j (1)

∑
i)1

t

(||xi - xA||2 - d(Mi, A)2)2 (2)

γ(A, B) ) ||xA - xB|| (3)
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dimension, d, such that such a representation exists.
Also, one would like to know if this dimension has a
physical interpretation. The Johnson-Lindenstrauss
theorem35 states that it is not possible to determine the
dimension d without a truly enormous amount of very
accurate data. The Johnson-Lindenstrauss theorem
implies that if there is a good representation of the
dissimilarity data between n molecules as distances
between n points in IRd (for any d), then there is a good
approximate representation of the dissimilarity data in
IRc log2 n, independent of d (where c is a small constant,
not given here, independent of n and d). So even if d is
the correct minimal dimension for the problem, one can
find good representations with dimension lower than d
until there are more than 2d/c molecules. This effectively
masks the natural dimension d unless there is an
enormous amount of highly accurate data.

Variance Measures. In this paper we refer to some
common diversity measures as “variance measures”. We
call a method a “variance measure” if its overall purpose
is to measure gross spread and its calculation is
analogous to the computation of a variance. A common
example of such a measure is defining the diversity of
a set to be the sum of all the squared distances between
pairs of molecules.36

Even though the superficial form of the formulas used
in these measures seems to imply that they are a
function of all of the pair dissimilarities between
molecules, we show that these measures depend only
on each molecule’s distance from the center of the set.
This is a variation of the fact that the expectation E(x
- Ex)2 ) Ex2 - (Ex)2, which is well-known in statistics.37

These cancellations are known to provide an op-
portunity to significantly speed up the computation of
variance-based diversity measures.38 However, these
cancellations also show that one can increase the
variance measure of a set by adding duplicate or near
duplicate molecules to the set. This is accomplished by
adding the redundant molecules in such a way that they
do not significantly move the center. Then all of the
original molecules are still scored as before, and the new
molecules contribute additional score. Since duplicate
molecules add no real utility, this behavior is a weak-
ness of variance type measures.

In contrast, the spanning tree method never increases
its score when duplicate molecules are added. This is
because the spanning tree algorithm ensures that a
molecule’s contribution to the diversity measure de-
pends most on the molecules nearest it (and not on some
abstract center).

The following example illustrates this problem of
variance measures. Given a set of molecules S encoded
as n vectors in IRd, {M1, M2, ..., Mn}, a suggested total
diversity of the set could be:

where is τ(Μι, Mj) is a distance function.
For instance, for squared-Euclidean distance:

one could rearrange and speed up the calculation by the
identity

which reveals that such a diversity measure is only
a function of the samples’ distance from the center,
1/nΣj)1

n Mj, and not really a function of all the intermo-
lecular dissimilarities. A similar effect has been shown
for the “cosine coefficient”,39 though that work does not
draw the same conclusion as given here.

The above observation on variance measures means
that there are data sets where a variance system will
unnecessarily pick duplicate points. This problem is
serious, but not unique to variance measures. An
“Optimal-D” design-based system40 will choose duplicate
molecules if the duplicates are available in multiplicities
that are near the D-design weights. The spanning tree
system presented here will itself pick duplicate points
if this is the only way to avoid picking a point from a
Steiner tree; however (unlike the systems mentioned
above), it does not increase its score when this happens.

Conclusions
Flexible surface feature models that depend on per-

forming multiple molecular dockings are fast enough for
practical use. We have presented a flexible surface-
based system for molecular diversity, designed to choose
reactants for combinatorial chemistry. The system uses
proven methods from structural drug design to estimate
how well one molecule can imitate the conformations
of another. These conformations are encoded into ap-
proximations of binding modes and include surface
accessible steric and polar features. Flexibility of mol-
ecules is handled by a flexible docking procedure and
averaging over multiple conformations. The weak cor-
relation shown between 2D (or topological) indices and
the presented surface features indicates that two no-
tions encode fundamentally different information. The
flexible surface feature dissimilarity system is stable for
self-prediction. It seems likely that the dissimilarity
measurements might correlate with other surface-
mediated biological properties and so may be useful in
their prediction.41

The spanning tree system for assigning diversity
scores to sets using only dissimilarity data is both novel
and useful. The method provides an efficient automated
method for evaluating the diversity of sets of molecules
from dissimilarity data (without direct reference to any
underlying features). It works well on known examples.

The IcePick system has selected reactants for com-
binatorial libraries from a database of 10 000 com-
pounds and assisted in the design of a suite of libraries
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resulting in the production of over 50 000 diverse
compounds at Axys.
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