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The efficiency of the drug discovery process can be significantly improved using design
techniques to maximize the diversity of structure databases or combinatorial libraries. Here,
several physicochemical descriptors were investigated to quantify molecular diversity. Based
on the 2D or 3D topological similarity of molecules, the relationship between physicochemical
metrics and biological activity was studied to find valid descriptors. Several compounds were
selected using those descriptors from a database containing diverse templates and 55 biological
classes. It was evaluated whether the obtained subsets represent all biological properties and
structural variations of the original database. In addition, hierarchical cluster analyses were
used to group molecules from the parent database, which should have similar biological
properties. Using various sets of structurally similar molecules, it was possible to derive
quantitative measures for compound similarities in relation to biological properties. A similarity
radius for 2D fingerprints and molecular steric fields was estimated; compounds within this
radius of another molecule were shown to have comparable biological properties. This study
demonstrates that 2D fingerprints alone or in combination with other metrics as the primary
descriptor allow to handle global diversity. In addition, standard atom-pair descriptors or
molecular steric fields can be used to correlate structural diversity with biological activity.
Hence, the latter two descriptors can be classified as secondary descriptors useful for analog
library design, while 2D fingerprints are applicable to design a general library for lead discovery.
Based on these findings, an optimally diverse subset containing only 38% of the entire IC93
database was generated using 2D fingerprints. Here no structure is more similar than 0.85 to
any other (Tanimoto coefficient), but all biological classes were selected. This reduction of
redundancy led to a child database with the same physicochemical diversity space, which
contains the same information as the original database.

Introduction

Today pharmaceutical companies are applying com-
binatorial chemistry and high-throughput screening as
new methods in the lead-finding process. Ideally, new
leads will be discovered using mass screening, which
are subsequently refined using the arsenal of existing
medicinal chemistry techniques. A screening project
requires chemical compound databases as the starting
point assembled from natural sources, synthetic prod-
ucts, or combinatorial libraries.1 A useful mass-screen-
ing program depends not only on the size of a library
but also on its diversity.2 Hence it is important to select
compounds which do not contain redundant information
in order not to waste time and resources.3

To select an ensemble of nonredundant compounds
for biological screening,4 similarity considerations are
widely used.5 Structurally similar molecules should
have similar physicochemical and biological properties,
following the similar property principle.6 It should be
possible to predict unknown properties for a molecule
based on known values for similar molecules. The
important question to ask is, which physicochemical
measure of similarity correlates with biological proper-
ties? Such a descriptor would allow to select represen-

tative compounds which cover the entire property space
of the parent database.
In the present study the following 2D and 3D molec-

ular descriptors are evaluated, which have been sug-
gested as similarity metrics for rational compound selec-
tions: UNITY 2D, 3D, and flexible fingerprints, 2D
atom-pair fingerprints, 2D topological indices, 3D mo-
lecular steric fields, and molecular weight (as reference).
Additionally 2D and 3D spatial autocorrelation func-
tions and WHIM indices are evaluated. The latter
descriptors contain information about the whole molec-
ular structure in terms of size, shape, symmetry, and
atom distribution. While the use of molecular steric
fields requires a superposition rule, which is not a trivial
problem for a diverse database, a superposition is not
required for WHIM indices or 3D autocorrelation func-
tions. On the basis of preliminary results, modified
flexible 3D fingerprints and 2D atom-pair fingerprints
were also compared to standard methods. For those
metrics 2D or 3D distances are computed between pairs
of pharmacophoric groups. The descriptor performances
for compound selections were examined using two
validation tests:
(a) The ability of these descriptors to predict the

biological activity of similar molecules was studied using
published series of molecules. This addresses the
question of how similar two molecules must be to select
only one of them for a representative subset. Because
this study was done on datasets being active only in a
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single assay, this result reflects the performance of those
descriptors for local diversity. Based on these findings,
the estimation of a similarity radius for the most useful
descriptors was possible. Within the similarity radius
of a bioactive compound there should be a high prob-
ability that any other compound belongs to the same
activity class. Hence a descriptor can be characterized
using this similarity radius allowing to select minimally
redundant compounds.
(b) To get insight into the global diversity perfor-

mance, the sampling properties of these descriptors on
a structurally and biologically diverse public database
were compared. Several selected subsets were exam-
ined to check whether they cover all biological classes
present in the original database. Several clustering
results were investigated to check whether biologically
similar compounds were grouped into similar clusters.
Finally these results are used to design an optimally

diverse compound subset, which is defined as a dataset
without redundant structures but which still covers the
biological property space of the entire database. Using
a valid molecular descriptor it should be possible to
reduce the number of compounds in a database without
missing any significant biological information.

Methods
General Methods. All calculations were done using the

program SYBYL, versions 6.2 and 6.22.7 Database manipula-
tions were done using the UNITY 2.5 database management
tools8 in connection with the module SELECTOR to analyze
databases. Automation of procedures was done using the
SYBYL Programming Language (SPL) or UNIX shell scripts.
Computation of Descriptors. 1. 2D Fingerprints. 2D

Fingerprints contain information about the presence of mo-
lecular fragments in a binary format. Because of the large
number of fragments in a database, it is not possible to assign
one bit to only a single fragment. In contrast, each fragment
is projected using a pseudorandomization algorithm into a
bitstring of limited size. Additionally, the presence of specific
functional groups, rings or atoms is encoded in 60 of the total
988 bits.9 The similarity of fingerprints is computed using the
Tanimoto coefficient,10 which is defined by the number of bit
sets in both individual bitstrings normalized by the number
of bit sets in common. This translates into a number between
0.0 and 1.0 for no to perfect similarity.
2. Atom-Pair Fingerprints. Atom-pair fingerprints are

2D topological descriptors, which count the distance between
two atoms as the shortest path of bonds.11 This fingerprint is
constructed similar to flexible 3D fingerprints: each bit
corresponds to the presence of a specific pair of atomic classes
separated by a predefined number of bonds.
3. Topological 2D Descriptors. The following four

topological 2D indices denoted as HDisq indices were used. 1.
Electrotopological state values are generated for every one-
and two-atom fragment in a molecule by summing up frag-
ment-specific values.12 The descriptors are in essence structure-
specific weighted one- and two-atom fragment counts. 2.
Molecular connectivity indices encode the connectivity pattern
within a molecule.13 These indices quantify features like type
and number of atoms and bonds and the extent and position
of branching and rings. 3. Molecular shape indices are used
to quantify 2D molecular shape based on a graphical repre-
sentation of a molecule.14 4. Topological symmetry indices
are used to quantify molecular symmetry in terms of counts
of topologically equivalent atoms within a molecule.15
During the analyses, the large number of 340 highly

correlated descriptors was reduced using a principal compo-
nent analysis (PCA16-18). The first eight eigenvalues as eigen-
vectors of the covariance matrix were used.
4. Autocorrelation Functions. 2D and 3D spatial au-

tocorrelation functions containing electrostatic or lipophilic
properties were calculated.19,20 They represent the 2D topology
or 3D spatial distances of a molecular structure and can be

computed using the following equation:

with A(d) being the autocorrelation coefficient as the sum over
all atom pairs i,j, which are separated by d bonds (for the 2D
topological function) or the Cartesian distance d (for the 3D
function). pi refers to an atomic property, i.e., partial charge
on atom i based on the Gasteiger and Marsili method21 or
Crippen’s partial atomic lipophilicities.22 Thus, one obtains a
series of coefficients for different topological or Cartesian
distances d (autocorrelation vector). For each vector, 12
coefficients corresponding to a range of d from 1 to 12 were
computed.
5. Flexible 3D Fingerprints. Flexible 3D fingerprints

contain information about spatial relationships, in particular
the ability of a structure to adopt a conformation with a specific
Cartesian distance between two atoms or functional groups.
Distances between predefined features are stored in a bit-
string.
6. Molecular Shape Descriptors. Molecular steric fields

based on the comparative molecular field analysis (CoMFA)
technique23,24 were used as 3D molecular shape descriptors.
This method requires a superposition rule for database
structures. For individual quantitative structure-activity
relationship (QSAR) datasets in the local diversity study, the
published conformations and alignments were used. Subse-
quently the interaction energies between a probe atom and
every structure are computed at surrounding points of a
predefined grid, typically using a volume-dependent lattice
with 2 Å grid spacing and a carbon atom as a probe. For
descriptor validation the pairwise correlation coefficient be-
tween steric fields is calculated. The lack of an obvious
superposition rule for the database used for the global diver-
sity studies is one of the major drawbacks for this descrip-
tor. Hence, after generation of an extended 3D structure, the
principal axes for the given molecule were calculated and all
molecules were reoriented using these principal axes. Fur-
ther studies to solve the alignment problem for structurally
diverse databases in combination with steric fields are in
progress.25
7. WHIM Indices. To overcome this inherent alignment

problem, WHIM indices (weighted holistic invariant molecular
indices)26 were investigated, which are invariant to rotations
and translations. WHIM indices contain information about
the 3D structure in terms of size, shape, symmetry, and atom
distribution derived from Cartesian coordinates. After apply-
ing a weighting scheme to a particular atom (none, van der
Waals, or volume scaling, denoted as WHIM-1, WHIM-2, or
WHIM-3), a weight-centered coordinate matrix is created for
each molecule. Then a principal component analysis is carried
out for this matrix, and a new transformed set of atomic
coordinates is obtained by projecting the old coordinate system
axes onto the three principal axes. Finally, 12 WHIM descrip-
tors for each weighting scheme are computed, based on (a)
three eigenvalues representing the variance of each molecule
matrix related to the molecular size, (b) three eigenvalue
proportions representing a measure for the molecular shape
(i.e., extended versus spherical), (c) three symmetry descriptors
calculated from the third-order moments of the PCA scores,
and (d) three kurtosis descriptors calculated from the fourth-
order moments of the scores, related to atomic distribution and
density around the origin and the principal axis.
Compound Selections. Two approaches for compound

selections were used. The faster approach is called a maxi-
mum dissimilarity method:27 every new selected member is
maximally dissimilar from the previously selected set. The
selection stops when a maximum number of compounds has
been selected or when no newmolecule can be selected without
being too similar to already existing members.
Cluster analyses as a second method offer more specific

control by assigning every structure to a group. Here,
hierarchical clustering28,29 was applied, which does not require
any assumption about the number of clusters to be generated.
Four different methods are used to compute distances between
clusters: (a) single, the distance between the closest pair of
data points in both clusters, (b) complete, the distance between

A(d) ) ∑pipj
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the most distant pair of data points in both clusters, (c)
average, the average of all pairwise data points between two
clusters, and (d) median, the distance between two cluster
centroids. The latter option was used based on initial studies,
but the difference to all other options is small. Subsequently
the structure closest to the center of a cluster is selected as
the representative structure.

Results and Discussion

Global DiversitysClustering of the IC93 Data-
base. All 1283 biologically active compounds from the
IndexChemicus 93 database (IC93)30 were used for this
study; 77 biological classes were defined according to
the biological activity strings extracted from this data-
base (cf. Supporting Information). Some compounds are
active in more than one biological class, while some
classes were only populated by a few members. It
should be noted that this database contains for some
classes heterogeneous bioactive molecules, which might
act on more than one receptor, which is a potential
source of uncertainty. It is likely that a subdivision into
more classes corresponding to biological receptors could
improve the classification results. However, this data-
base was the only public data collection available for
this purpose, when this investigation was started.
Initial selections were analyzed using this grouping,

while for later investigations, classes with very similar
biological activities were grouped together, leading to
55 classes. Again, details of this grouping are given in
the Supporting Information, where all 77 classes are
listed. Since the results for both biological classifica-
tions in preliminary studies were similar, it was decided
to use the classification leading to a lower total number
of groups and less groups with only a few members.
Initial 3D structures were generated using CON-

CORD.31 The mean Tanimoto coefficient for this data-
base is 0.91 (SD 0.11). This value is computed as
average using the 2D fingerprint of each compound and
the Tanimoto coefficient to its nearest neighbor. This
reveals a high degree of redundant structures in the
database. The distribution of other physicochemical
descriptors (molecular weight, computed octanol water-
partition coefficient (clog P), and molar refractivity32)
is shown in Figure 1.
For each descriptor 120 clusters were generated using

an appropriate cut in the corresponding dendrogram,
and the central compound from each cluster was se-
lected. The clustering results were analyzed in two

different ways: (a) the percentage of biological classes
covered by each subset of 120 compounds was computed
(coverage analysis) and (b) the separation of active from
inactive compounds for a specific target in different
clusters was investigated (cluster separation analy-
sis).33,34 For this analysis, an active cluster for a
particular target is defined as a cluster containing at
least one active compound for this target. The active
cluster subset now is defined as the total number of
structures in all active clusters for a single target (active
and inactive compounds). Then the proportion p of
active structures only in this subset is computed and
compared to the proportion (p0) of active structures for
this target in the total database. If 10 active clusters
are found with 80 active and 20 inactive compounds in
total, the proportion p is 80/100 ) 0.8 for this target. If
the entire database contains 1000 compounds, p0 is 80/
1000 ) 0.08. Any increase in p compared to p0 shows a
trend to separate active and inactive structures.
A comparison of some selection methods is shown in

Figure 2. Here the identification numbers of the biologi-
cal classes are given on the x-axis versus the populations
for the entire IC93 database (b) and various subsets on
the y-axis, generated using maximum dissimilarity
methods (a), random selection (c), or hierarchical clus-
tering using 2D fingerprints (d). Using random selec-
tions, only 55% of the biological classes are covered
(from 40.8% to 65.8%), while the maximum dissimilarity
selection covers 83.6% of all classes (cf. Table 1). All
maximum dissimilarity selections used here are based
on 2D fingerprints for compound selections.
These investigations were extended to the following

descriptors (given with abbreviations): 1. Fp/Ap, 2D
and atom-pair fingerprints, 2. 2D fingerprints, 3. all,
2D fingerprints, atom-pair fingerprints, HDisq descrip-
tors, and pharmacophoric flexible 3D fingerprints, 4. Fp/
Ap/Mod3D, 2D, atom-pair, and pharmacophoric flex-
ible 3D fingerprints, 5. Fp/Mod3D, 2D and pharma-
cophoric flexible 3D fingerprints, 6. HDisq(PCA), to-
pological HDisq indices (eight principal properties), 7.
Mod.Flex3D, pharmacophoric flexible 3D fingerprints,
8. CoMFA ster, steric molecular fields, 9. StdFlex3D,
standard flexible 3D fingerprints, 10. molecular weight,
and 11. atom-pair fingerprints. To include pharma-
cophore information for 3D flexible fingerprints, dis-
tances between pharmacophoric groups were encoded
in a bitstring for hydrogen bond donors and acceptors,

Figure 1. Physicochemical characterization of the database used for global diversity investigations. A total of 1283 bioactive
compounds in 55 biological classes from the IndexChemicus 93 database are investigated. Histograms were generated for (a)
molecular weight, (b) clog P as logarithm of the estimated octanol-water partition coefficient, and (c) molar refractivity.
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charged centers, and aromatic and hydrophobic cen-
ters.35 The results are listed in Tables 1 and 2 for the
population analysis and the cluster separation analysis.
Additionally, the data are visualized in Figure 3.
The standard 2D fingerprints perform best when used

with a hierarchical cluster analysis (78.2% classes
selected in a coverage analysis) or with maximum
dissimilarity methods (83.6%). Combined descriptors
containing 2D fingerprints generally show a perfor-
mance similar to 2D fingerprints alone, while no other
descriptor led to comparable results. Atom-pair, mo-
lecular steric field, or standard flexible 3D descriptors
led to coverage rates of only 47.3%, 50.9%, and 52.7%,
respectively. Using the modified flexible 3D finger-
prints, an increase to 58.2% can be observed, while 2D

topological descriptors further increase this rate to
70.9%.36

In the cluster separation analysis, flexible and rigid
3D descriptors lead to lower averaged proportions than
2D fingerprints (0.52). In general, the combination of
2D and 3D descriptors leads to a better separation than
3D descriptors. These values are computed as averages
over all 55 classes based on the proportions of active
structures in active clusters for each individual class.
A proportion of 1 indicates the ability of a descriptor to
completely separate active from inactive compounds.
Replacing standard by pharmacophoric 3D finger-

prints led to a small improvement of the proportion. In
accordance with other 3D descriptors, molecular shape
descriptors do not show any remarkable cluster separa-
tion tendency. Obviously the alignment based on mo-
lecular principal axes for extended conformations is not
sufficient as a superposition rule for this heterogeneous
database, as already discussed above. However, selec-
tions based on molecular steric fields in a database with
a known superposition rule are adequate to achieve
meaningful results (see below). As expected, molecular
weight is inappropriate as the primary descriptor.
Detailed proportions for all 55 classes for selected
descriptors are shown in Figure 4 (cf. Supporting
Information).
Subsequently, additional 2D and 3D molecular de-

scriptors were investigated alone or in combinations.
The abbreviations acf2D and acf3D indicate 2D and 3D
spatial autocorrelation functions using electrostatic or
lipophilic atomic properties. Atom-pair descriptors were
modified in the following way: Using the program
DISCO37 pharmacophoric points were identified and
bond distances between pairs of pharmacophoric points
were used to set bits in a fingerprint. The results from
the corresponding cluster separation analysis are given
in Figure 5 and the Supporting Information.

Figure 2. Normalized populations for all 55 biological classes
of the IC93 database. The biological classes are shown on the
x-axis; the population are given on the y-axis (normalized
between 0 and 1): (a) subset of 120 compounds obtained using
maximum dissimilarity selection and 2D fingerprints, (b)
entire IC93 database, (c) subset of 120 compounds obtained
using random selection (only one of 100 random selection is
displayed), and (d) subset of 120 compounds obtained using
hierarchical clustering and 2D fingerprints.

Table 1. Selection and Cluster Analysis of 120 Compounds
from the IC93 Database: Population Analysisa

selection method/descriptor % noncovered % covered

random100b 44.43 55.57
maximum dissimilarity 16.40 83.60
2D fingerprints 21.80 78.20
atom pairs 52.70 47.30
HDisq(PCA) 29.10 70.90
CoMFA ster 49.10 50.90
StdFlex3D 47.30 52.70
Mod.Flex3D 41.80 58.20
mol weight 30.90 69.10
allc 23.60 76.40
Fp/Apc 21.80 78.20
Fp/Ap/Mod3Dc 23.60 76.40
Fp/Mod3Dc 21.80 78.20

a The percentage of noncovered and covered biological classes
is given; populations are given in percent. b Percentage obtained
as an average from 100 random selections (from 34.2% to 50.2%)
with a standard deviation of 4.8. c Scaling using AUTOSCALE
method.

Table 2. Selection and Cluster Analysis of 120 Compounds
Using the IC93 Database: Cluster Separation Analysisa

selection method meand mediand SDd

2D fingerprints 0.52 0.50 0.30
atom pairs 0.09 0.07 0.06
HDisq(PCA) 0.31 0.20 0.29
CoMFA ster 0.14 0.06 0.20
StdFlex3D 0.12 0.10 0.08
Mod.Flex3D 0.14 0.11 0.10
mol weight 0.11 0.08 0.10
alla 0.51 0.52 0.32
Fp/Apa 0.54 0.56 0.33
Fp/Ap/Mod3Da 0.46 0.47 0.31
Fp/Mod3Da 0.40 0.27 0.31
WHIM-1 0.11 0.06 0.17
WHIM-2 0.13 0.07 0.18
WHIM-3 0.10 0.05 0.14
ACF-2D 0.15 0.02 0.26
ACF-3D 0.14 0.02 0.28
Fp/WHIM-1b 0.13 0.05 0.20
Fp/WHIM-2b 0.13 0.08 0.17
Fp/WHIM-3b 0.10 0.06 0.14
Fp/ACF-2Db 0.33 0.16 0.36
Fp/ACF-3Db 0.43 0.28 0.37
Fp/WHIM-2/ACF-3Db 0.14 0.06 0.18
p0c 0.018 0.005 0.03
a The proportion of active structures on a single biological target

in active clusters is measured and averaged over 55 biological
classes. Scaling using method AUTOSCALE for hierarchical
clustering. b No scaling for hierarchical clustering. c p0: proportion
of active structures for the entire database. d The statistical mean,
median, and standard deviation values are obtained by averaging
individual properties over 55 biological classes.
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All 2D and 3D descriptors showed lower averaged
proportions of active structures in active clusters than
2D fingerprints. It is remarkable that the alignment-
independent WHIM descriptors do not significantly
improve the results when compared to molecular steric
fields, while a positive trend can be seen for 2D and 3D
autocorrelation functions. It could be shown that 3D
metrics are useful for addressing this type of question
only in combination with a valid 2D descriptor. The
modified pharmacophoric atom-pair descriptors perform
slightly better than the original descriptor: a significant
improvement is remarkable only for the biological
classes 13, 18, 33, 41, and 44. Combining 2D finger-
prints with different atom-pair descriptor implementa-
tions does not improve these results.
Only small differences were observed when comparing

different hierarchical cluster methods using 2D finger-
prints (median, complete, average, single). The lowest
proportion (0.48) is obtained using the method single,
while the best proportion of 0.52 was obtained using the
method median. Hence this method was used for all
clustering studies. An extensive investigation of dif-
ferent clustering techniques was recently described by
Martin et al.34

Local DiversitysRadius of Similarity. A molec-
ular descriptor useful for library design should have a
well-defined similarity radius.38 Two compounds, which
are more similar than defined by this radius, should
have similar biological properties; otherwise any de-
scriptor-based design would be similar to random selec-
tion. Hence the relationship between structural simi-
larity and biological activity was studied for molecular
steric fields and 2D fingerprints. Structurally and
biologically diverse QSAR datasets containing 729
molecules with known alignment rules were used for
this investigation (Table 3). The datasets used as
follows: 1. a set of 14 tropanes binding to the dopamine
transporter;39 2. a set of 19 analogs of the insecticidal
alkaloid ryanodine, which induces calcium release in
muscle by binding to a muscle-specifc receptor;40 3. a
set of 38 1,4-benzodiazepines binding with high affini-
ties and selectivities to the diazepam-insensitive (DI)
isoform of the benzodiazepine receptor,41,42 data for the
binding to the diazepam-sensitive isoform (DS) and the

Figure 3. (a) Coverage of 55 biological classes of the IC93
database. Each descriptor displayed on the x-axis was used to
select 120 diverse structures. On the y-axis the percentage of
classes covered is shown. (b) Correspondence between biologi-
cal activity and cluster formation based on a cluster separation
analysis. Using hierarchical cluster analyses and various
descriptors, the averaged proportions of active structures in
active clusters are computed.

Figure 4. Detailed proportion of active structures in active
clusters for all 55 biological classes of the IC93 database for
2D fingerprints (- - -), atom-pair descriptors (‚‚‚), and mo-
lecular weight (-‚-) in comparison to the ratio of active
compounds for a single target to the total number of com-
pounds (p0) (s).

Figure 5. Correspondence between biological activity and
cluster formation based on a cluster separation analysis for a
set of alternative descriptors. For details, see Figure 3b.
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selectivity for the high-affinity binding to the DI site
(DI/DS) were used; 4. a set of 40 benzodiazepines with
inhibition of fluoronitrazepam radioligand binding to
bovine cortical membranes;43 5. a set of 48 steroids with
binding affinities to the progesterone receptor;44 6. a
set of 100 2-heterosubstituted statine derivatives in-
hibiting human immunodeficiency virus type-1 protein-
ase;45 7. a set of 138 inhibitors of angiotensin-convert-
ing enzyme ACE;46 and 8. a set of 256 triazines as
inhibitors of dihydrofolate reductase.47,48
Those diverse datasets were selected because the

reported biological activity covers more than 2.5 orders

of magnitude. For each dataset the dissimilarity for
each pair of molecules was computed using 2D finger-
prints (1 - Tanimoto coefficient) and steric fields (1 -
field correlation coefficient). In addition, the absolute
differences of the biological activities, molecular weights,
and random numbers (as reference) were computed.
Subsequently, scatter plots showing the descriptor
differences on the x-axis versus the biological differences
on the y-axis were generated.49 A graph for a valid
molecular descriptor reveals a characteristic shape
(Figure 6), which allows to derive a maximum change
of the biological activity per change in the descriptor.

Table 3. Local Structural Diversity for Different Biological Target Seriesa

max slope range

dataset fingerprint CoMFA fingerprints CoMFA bioactivity total no. of compds

1. tropanes 0.07 0.07 0.32 0.16 2.40 14
2. ryanodines 0.05 0.02 0.60 0.30 3.20 19
3. Bzr(log DS) 0.06 0.04 0.80 0.40 3.50 38
3. Bzr(log DI) 0.05 0.06 0.80 0.40 3.20 38
3. Bzr(DI/DS) 0.05 0.05 0.80 0.40 4.00 38
4. benzodiazepines 0.04 0.02 0.55 0.40 3.70 40
5. steroids 0.04 0.04 0.55 0.35 2.80 48
6. HIV-1 inhibitors (100) 0.02 0.05 0.47 0.40 2.80 100
7. ACE inhibitors 0.10 0.06 0.85 0.80 7.70 138
8. DHFR inhibitors 0.07 0.04 0.55 0.50 5.30 256
sum 729
mean 0.05 0.04 0.63 0.41 3.86
SD 0.020 0.016 0.18 0.16 1.6
a Details about used datasets and the biological target properties are given in the text and the corresponding references. For each

dataset the pairwise distance of the physicochemical descriptor was plotted on the x-axis versus the pairwise distance of the biological
target property on the y-axis. The maximum slope was extracted based on a diagonal from x,y ) 0,0 to max(y),max(y). For 2D fingerprints
the similarity given as 1 - Tanimoto coefficient is noted, while for CoMFAmolecular steric fields the field correlation coefficient is reported.

Figure 6. Comparison of pairwise biological distances versus various molecular descriptor differences for a dataset consisting of
138 angiotensin-converting enzyme (ACE) inhibitors with 9453 data points [n(n - 1)/2]: (a) molecular geometries and the
superposition rule used to derive the molecular steric field similarities in accordance with literature data, (b) molecular steric
fields, (c) 2D fingerprints, and (d) molecular weight.
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Small changes in the physicochemical descriptor should
lead to only small changes in the biological properties.
This concept will be illustrated using 138 diverse ACE

inhibitors (Figure 6a).46 For this set, three graphs are
displayed in Figure 6 with the pairwise differences of
molecular steric fields (b), 2D fingerprints (c), and
molecular weight (d) versus the absolute pairwise
differences of the biological activities on the y-axis. The
arrows in Figure 6b,c indicate a linear gradient with
some discontinuities. Both graphs for 2D fingerprints
and steric fields reveal maximum gradients with slopes
of 0.10 or 0.06 (Table 3), while for molecular weight such
a gradient could not be derived, suggesting that this is
not a valid descriptor. Similar plots are shown in Figure
7 for 256 triazines as inhibitors of dihydrofolate reduc-
tase.47,48 Again, only for 2D fingerprints and molecular
steric fields is it possible to derive this maximum
gradient.
Table 3 summarizes the results for all datasets;

averaged maximal slopes of 0.05 for 2D fingerprints and
0.04 for steric fields were obtained. Using these data,
a similarity radius was estimated in the following way:
the averaged maximal slopes were multiplied by 3
(corresponding to a tolerance factor of 3 orders of
magnitude for biological activity), and values of 0.15 and
0.12 were obtained for 2D fingerprints and steric fields,
respectively. Hence, if two molecules have a Tanimoto
coefficient larger than 0.85 (1 - similarity radius) or a
steric field similarity larger than 0.88, the biological
activity of the first molecule is similar to that of the
second one (within a tolerance of 3 orders of magnitude).
These findings are in agreement with other observa-
tions.33,50,51 This concept now allows to reduce the
redundancy of a database by rejecting structurally
similar molecules based on this similarity radius.
Subsequently all other descriptors were investigated

using this validation concept and the set of 138 ACE
inhibitors (Table 4). For each descriptor the maximum
slopes were derived from the pairwise distance plots
based on a hypothetical diagonal from x,y ) 0,0 to
x,y)max(y),max(y) (x,y-coordinates from the datapoint
with the highest y-value, given in column max slope in
Table 4). For each slope the corresponding similarity
radius was computed based on the same tolerance value
as used before. To monitor the distribution of points in
each individual scatter plot, the results from a ø2
statistical test are summarized in Table 4. These data
are obtained considering the number of points within

the lower right triangle (i.e., below the maximum slope
diagonal) versus the expected number in this area for
an equal distribution. A large ø2 value indicates that
the null hypothesis is rather unlikely and the corre-
sponding descriptor is able to predict biological activities
for similar compounds. For all 12 descriptors listed in
Table 4, the pairwise distance plots used to generate
these results are shown in Figures 8 and 9.
2D fingerprints show the best separation of data

points between the upper left and the lower right
triangle. Only 12.54% of all datapoints are found in the
upper diagonal area, which is consistent with the high
ø2 value of 3555.9. Atom-pair descriptors (Figure 8a)
also show such a tendency: here only 12.96% of the
datapoints are located in the upper diagonal area (ø2
value of 2593.8). The replacement of standard by
modified pharmacophoric atom-pair descriptors (Figure
8b) decreases the ø2 value to 187.6. A possible rationale
for this fact is that standard atom-pair descriptors are
atom-based metrics, while the pharmacophores used to

Figure 7. Comparison of pairwise biological distances versus molecular descriptor differences for a dataset of 256 triazines as
inhibitors of dihydrofolate reductase: (a) molecular steric field, (b) 2D fingerprints, and (c) molecular weight.

Table 4. Local Diversity and Validation Studies for Various
Descriptors Using the ACE Inhibitor Dataseta

descriptor max-slopee sim rade ULTPb ø2 c

2D fingerprints 0.10 0.30 12.54 3555.9
atom pairs 0.10 0.30 12.96 2593.8
Mod.Flex3D 0.09 0.27 26.09 1080.8
HDisq(PCA)d 2.22 6.66 29.75 775.3
CoMFA 0.06 0.18 29.87 766.1
random number 0.04 0.11 31.79 626.9
Mod-AP 0.07 0.22 40.04 187.6
ACF-2Dd 0.48 1.45 41.07 150.8
ACF-2Dlipod 0.35 1.05 41.48 137.2
WHIM-2d 6.66 20.00 42.48 106.9
ACF-3Dlipod 1.22 3.66 44.69 53.3
StdFlex3D 0.07 0.22 45.15 44.5
WHIM-1d 0.85 2.54 50.56 0.6
ACF-3Dd 1.32 3.95 51.11 2.3
mol weight 38.10 114.31 51.25 2.3
WHIM-3d 5.68 17.09 66.86 537.4
a Sorted by ascending values in column ULTP. ACF-2Dlipo and

ACF-3Dlipo indicate 2D or 3D autocorrelation vectors with
Crippen’s lipophilicity parameters as atomic properties pi. Pair-
wise descriptor differences are given as 1 - Tanimoto coefficient
or correlation coefficent (CoMFA fields), except where otherwise
stated. b ULTP: percent of all n(n - 1)/2 data points in the upper
left triangle. c ø2: ø2 statistical test using the number of points in
the lower left triangle versus the expected number of points in
this area for an equal distribution (i.e., null hypothesis). d Pairwise
differences given as eucledian distances. e Maximum slope com-
puted based on a diagonal from x,y ) 0,0 to max(y),max(y). The
corresponding similarity radius (sim rad) is estimated using a
biological activity tolerance of 3 orders of magnitude.
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derive the modified descriptors are distributed over
groups of multiple atoms thus leading to an uncertainty

in the definition of a bond distance. However, replacing
the standard atom-based flexible 3D fingerprints (Fig-

Figure 8. Comparison of pairwise biological distances versus various molecular descriptor differences for 138 ACE inhibitors.
The descriptors investigated are as follows: (a) atom-pair descriptors, (b) modified (pharmacophoric) atom-pair descriptors, (c)
HDisq, (d) WHIM-1 (no weighting), (e) WHIM-2 (van der Waals weighting), and (f) WHIM-3 (volume weighting). For further
details, see text and Table 4.

Figure 9. Comparison of pairwise biological distances versus various molecular descriptor differences for 138 ACE inhibitors.
The descriptors investigated are as follows: (a) standard flexible 3D fingerprints, (b) 2D spatial autocorrelation functions, (c) 3D
spatial autocorrelation functions, (d) modified pharmacophoric flexible 3D fingerprints, (e) 2D lipophilic spatial autocorrelation
functions, and (f) 3D lipophilic spatial autocorrelation functions. For details, see text and Table 4.
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ure 9a) with modified pharmacophore-based flexible 3D
fingerprints (Figure 9d) increases the ø2 value from 44.5
to 1080.8. Here the bond distance is replaced by the
Cartesian distance between feature centroids. It should
be noted that 2D spatial autocorrelation functions with
electrostatic (Figure 9b) and lipophilic (Figure 9e)
atomic properties show a better separation tendency
than the corresponding 3D autocorrelation descriptors
(Figure 9c,f).
Design of Optimally Diverse Database Subsets.

Finally several compound subsets with 60-500 mem-
bers were selected from the IC93 database using 2D
fingerprints and maximum dissimilarity or random
selections. For each subset the Tanimoto coefficients
from each compound to its nearest neighbor were
computed and further analyzed. The mean and maxi-
mum values for each subset are plotted in Figure 10
against the subset population to monitor the degree of
redundant compounds in each compound collection. The
abbreviations used are as follows: Tan-mean-diss as
mean Tanimoto coefficient for the maximum dissimilar-
ity selection and Tan-mean-random for the random
selection, Tan-max-diss as maximum Tanimoto coef-

ficient for the maximum dissimilarity selection and
Tan-max-random for the random selection.
An increase in the subset population led to an

increased mean Tanimoto coefficient for either random
or maximum dissimilarity subsets. However for a given
number of compounds, the maximum dissimilarity
subset is more diverse than the random selection subset.
The maximum Tanimoto coefficient steadily increases
for the maximum dissimilarity subsets, while it is close
to 1 for the randomly chosen subset. This suggests that
more diverse subsets are obtained using the first
method, while a random selection samples redundant
compounds.
Additionally, the subsets obtained using maximum

dissimilarity selections cover more biological classes of
the IC93 database than the corresponding random
subsets. In Figure 10b, the percentage of covered bio-
logical classes is plotted on the y-axis versus the number
of structures for the random subset (percent-random)
or maximum dissimilarity subset (percent-diss). When
selecting more than 380 structures using maximum
dissimilarity methods, all biological classes are covered
except a single biological class at levels of 420 and 440
structures. This class 41 with four members is not
selected because of its similarity to class 35 (0.80 as
lowest pairwise similarity). In contrast, there are more
classes not selected in the corresponding random sub-
sets. Maximum dissimilarity subsets with more than
460 structures corresponding to a maximum Tanimoto
coefficient of 0.85 (Figure 10a) can be selected without
missing any biological information. This Tanimoto
coefficient corresponds to the 2D fingerprint similarity
radius as derived in the previous section.
Thus a diverse subset for the 1283 biologically active

structures from IC93 can be obtained, when selecting
487 compounds (38%) using 2D fingerprints and a
similarity radius of 0.85. Now diverse compounds are
selected, until no new compound can be found without
violating this similarity radius. This subset covers all
55 biological classes (cf. Figure 10b), while 10 random
selections of 487 compounds did not cover 13.1% of all
classes (as average). Hence such a subset should be
called an optimally diverse subset: all classes are
covered using the lowest possible number of diverse
compounds.

Conclusion

The use of valid molecular descriptors is an essential
problem in the design of combinatorial libraries or
selection of nonredundant compounds from databases.
The present study addresses the question of which
descriptor is appropriate to group molecules according
to their biological properties. A randomly selected
subset covers less biological classes than any descriptor-
based rational selection. 2D fingerprint-based descrip-
tors are very effective in selecting representative subsets
of bioactive compounds. Molecules with similar biologi-
cal properties are efficiently grouped. Thus, 2D sub-
structure information is important for a valid descriptor.
Although an improvement of atom-pair and flexible

3D fingerprint descriptors was achieved using pharma-
cophore-based definition rules, none of these descriptors
samples as efficiently as UNITY 2D fingerprints. From
this study a hierarchy of various descriptors can be
derived. 2D fingerprints can be classified as first-order
descriptors, while descriptors based on pharmacophores

Figure 10. Selection of compound subsets from the IC93
database using different methods; random or maximum dis-
similarity (denoted as random or diss) selections based on 2D
fingerprints: (a) comparison of the mean and maximum
Tanimoto coefficient (denoted as mean or max) for both
selections (y-axis) versus the number of compounds selected
within each subset on the x-axis and (b) comparison of the
percentage of biological classes covered from the IC93 database
(y-axis) versus the number of compounds selected within each
subset (x-axis).
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or molecular fields could be classified as second-order
descriptors. They are useful in designing an analog
library based on their local diversity properties, but they
do not allow to select diverse compounds from a library
in a lead discovery project. Molecular weight, cost of
reactants, and clog P can then be classified as tertiary
descriptors to further refine an initial selection.
The estimation of a similarity radius for valid de-

scriptors was based on datasets for 10 biological targets.
Comparing several randomly selected subsets with
subsets obtained using maximum dissimilarity methods
based on 2D fingerprints also shows that a similarity
radius of 0.85 leads to a complete coverage of all
biological classes in the IC93 database.
A diverse compound selection with a mean Tanimoto

coefficient lower than this similarity radius reduces not
only the number of compounds but also the information
present in the parent database. Thus, an optimal
diverse selection can be defined as a selection without
redundant structures but with all the information from
the original database. The design of an optimally
diverse subset starting from the IC93 database leads
to a selection of 487 compounds corresponding to 38%
of this database, which indeed covers all biological
classes, while no structure is more similar than 0.85 to
any other structure within this subset. Thus the
rejection of 62% redundant structures increases ef-
ficiency within a biological screening project.
While the results from the local diversity analysis

show that 2D fingerprints, molecular steric fields, and
atom-pair descriptors are useful metrics to design an
analog library, for designing an analog library, the
analysis of their global diversity performances clearly
has shown that only 2D fingerprints alone or in com-
bination with one of the secondary descriptors are
sufficient to separate biologically active from inactive
compounds.
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