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An alternative method for defining molecular similarity is presented. By using the docking
program DOCK and a reference panel of protein binding sites, fingerprints for a set of molecules
have been generated, based on calculated interaction energies. These binding patterns allowed
us to calculate matrices of similarity coefficients which subsequently were used for nearest-
neighbor searches within the database. Our results indicate that the method is suitable for
finding significant similarities of compounds of the same biological activity. Although the overall
performance of a traditional 2D similarity method is better in the test systems investigated,
our 3D approach can be regarded as complementary since it is able to detect similarities
independent of the covalent structure of the compounds. Thus it should be a useful 3D database-
searching tool for rational lead discovery.

Introduction
Methods to describe the similarities of molecules have

gained great interest in rational drug discovery in recent
years.1 Based on the concept that compounds binding
to the same target macromolecule should bear some
similarity to each other, such methods could be suitable
for searching large molecular databases keyed on a
given lead structure. This should enhance the effort to
find new leads.
Beyond database searching, there are other applica-

tions of similarity metrics that are of particular interest
to industrial pharmaceutical research: (1) clustering of
in-house compound databases in order to generate
structurally representative sets for starting a new
biological assay and (2) comparison of in-house data-
bases with databases from external vendors of com-
pounds, to increase the diversity of a corporate database
by “rational” acquisition of compounds.
There are numerous ways to assess the similarity of

molecules, depending on the choice of molecular proper-
ties to compare.1 The most popular approaches, which
have been available in commercial software packages,
like MERLIN (DAYLIGHT Chemical Information Sys-
tems Inc., Irvine, CA), MACCS (MDL Information
Systems Inc., San Leandro, CA), or SYBYL (Tripos Inc.,
St. Louis, MO) are based on 2D representations of
molecules. For measuring the molecular similarity,
these methods use the presence or absence of 2D
patterns or fragments. Since binding of a ligand to a
target receptor is a 3D event, which involves the
surfaces of both interacting molecules, a 3D measure
might be more appropriate for defining molecular
similarity. Some approaches considering 3D properties,
including electrostatic potential,2 shape descriptors,3
atom distance matrices,4 or projections of properties on
polyhedra,5 have been published recently. A common
problem of these methods is the need for an appropriate
procedure to align the molecules prior to calculating
their similarity.
A very attractive idea from a completely different

perspective has recently been proposed by Terrapin:6

They use the experimentally determined in-vitro bind-
ing potency of compounds against a reference panel of
diverse proteins to obtain a so-called affinity fingerprint.
Similarity can then be expressed simply by comparing
each pair of fingerprints. Their underlying assumption
is that compounds which bind similarly to all the
proteins in the reference panel are likely to have similar
affinity to their target receptor as well. In contrast to
the 2D and 3D property-based methods mentioned
above, Terrapin’s approach takes the binding interaction
of a ligand to its receptor as a basis for the molecular
similarity metric. Although empirical in nature, such
a view from the receptor's perspective might be more
appropriate detecting the biological similarity of mol-
ecules.
Our idea, described here, is to replace the in-vitro

screening of Terrapin’s approach by a computer simula-
tion of the docking process. As an equivalent for the
reference panel of proteins, we used known 3D struc-
tures of proteins. The docking was accomplished with
the DOCK suite of programs.7 Binding affinities were
expressed as DOCK scores, using different scoring
schemes. In order to test the method, we used a test
set of 3D molecular structures with known biological
activities, taken from five different activity classes. Our
DOCK-based approach should be able to assess signifi-
cantly higher similarity among compounds of the same
activity class as opposed to compounds of different
classes. In addition, we compared our method with
results obtained using the DAYLIGHT 2D pattern-
based approach.

Methods

Selection of the Reference Panel of Proteins. The
binding sites used as a reference panel in this study (Table 1)
were selected from the Brookhaven Protein Databank (PDB)
according to the following criteria: (1) the sites should be
dissimilar to each other in order to achieve appropriate
diversity of the DOCK scores. Hence, each binding site was
selected from a different structural and functional family of
proteins. In addition, the correlation coefficients r between
each pair of proteins were calculated, based on one of the
DOCK score matrices (see below). Since the DOCK scores to
some extend reflect the shape of the ligandssat least for
medium scoring moleculesswe have to expect some correlation
between different proteins. But as can be seen in Table 2, the
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highest correlation coefficient has a value of 0.548 which
represents a shared variance of just 30%. Thus we believe
that our choice of reference binding sites is well balanced from
a statistical point of view.15 (2) Only targets that are known
to strongly bind “druglike” molecules (e.g., compounds with
molecular weights < 600) in a well-defined binding pocket were
used. (3) To guide the docking experiments, only protein-
inhibitor complexes were utilized. As the only exception to
this rule, a model of the 5-HT2 receptor, a member of the
G-protein-coupled receptor (GPCR) superfamily, was included
in the study. This should check the dependence of the method
on experimentally determined binding site structures as
opposed to model structures. The 5-HT2 receptor model,
comprising the seven transmembrane-spanning domains only,
was generated by G. Vriend,16 based on the cryoelectronmi-
croscopy structure of bacteriorhodopsin.17 To relieve bad steric
contacts, we fixed side chain geometries using the Auto-
Rotamer option within the INSIGHT II molecular modeling
package (Biosym Technologies Inc., San Diego, CA).
Selection of the Ligand Test Set. All ligand structures

were extracted from the MACCS Drug Data Report (MDDR),
provided by MDL Information Systems Inc. (San Leandro, CA).
Compounds were chosen from five different activity classes
(Table 3). The target receptors of these compounds belong to
completely different families of proteins, and none of the target
structures is as yet determined experimentally. All ligands
are known to bind in the nanomolar range to their respective
target receptor. To serve as a negative control, an additional
set of compounds not belonging to any of the five activity
classes was selected randomly from the MDDR database.
Preparation of the DOCK Databases. Single-con-

former database: The ligand dataset was extracted as 2D
structures. Next, 3D structures were generated utilizing the
CONCORD program18 (version 3.0.1). Hydrogens and partial
charges, according to the Gasteiger-Marsili method,19 were
added within the SYBYL molecular modeling package (Tripos
Inc., St. Louis, MO).

Ten-conformer database: Starting from the CONCORD-
generated conformer described above, for each compound 10
conformations were generated using a simulated annealing
molecular dynamics protocol described elsewhere20 utilizing
the DISCOVER program (Biosym Technologies Inc., San
Diego, CA) and the CVFF force field.21

DOCK. Version 3.5 of the DOCK suite of programs was
used throughout this study. Details of the DOCK algorithm
are described in numerous papers7 and are not repeated here.
In order to prepare the binding pocket for each protein in the
reference panel prior to docking the ligands, the following
procedure was applied. All crystallographic water molecules
and bound inhibitors were removed. For each inhibitor
binding pocket a Connolly surface was generated using the
MS program.22 To generate a “negative image” of the site,
spheres with a maximal sphere radius of 5 Å were generated
by the SPHGENmodule of DOCK. Consecutively, each ligand
was docked into the binding pockets of every reference protein.
Two different grid-based methods to estimate the ligand-

receptor interactions were applied as follows: contact scoring,
which simply sums up favorable and unfavorable contacts of
ligand atoms with the receptor, regardless of their chemical
nature, and force field scoring, which calculates interaction
energies utilizing van der Waals and Coulombic terms. For
the 10-conformer database, only the best scoring conformation
of each compound was used for fingerprint generation.
Generation of DOCK-Based Fingerprints and Similar-

ity Indices. The resulting scores of the DOCK calculations
were saved in four different scoring matrices: (1) single
conformation/force field scoring, (2) best of 10 conformations/
force field scoring, (3) single conformation/contact scoring, and
(4) Best of 10 conformations/contact scoring. Each matrix
consists of rows representing each ligand and columns repre-
senting the protein binding sites of the reference panel. The
DOCK scores make up the matrix elements. Consequently,
each row can be regarded as a fingerprint of the respective
ligand.
There are many ways to obtain a similarity index based on

a fingerprint of properties. Fragment-based molecular simi-
larity approaches, such as those developed by DAYLIGHT and
MDL, commonly use the Tanimoto coefficient to compare two
bitstrings:

where Tc is the resulting Tanimoto similarity coefficient of two
molecules, Bc are the bits in common between two binary
fingerprints, and B1 and B2 are the bits set in fingerprints 1
and 2, respectively. A problem with this method is that it
requires a binary representation of the fingerprint and thus

Table 1. Reference Panel of Proteins

PDB entry description protein class resolution Å ref

3DFR dihydrofolate reductase complex with NADPH and methotrexate oxidoreductase 1.70 8
3CLA chloramphenicol acetyltransferase complex with chloramphenicol acetyltransferase 1.75 9
1ACL acetylcholinesterase complex with decamethonium carboxylic esterase 2.80 10
1DWC R-thrombin complex with modified hirudina and argatroban serine protease 3.00 11
1EED endothiapepsin complex with PD125754 aspartic protease 2.00 12
1POP papain complex with leupeptin thiol protease 2.10 13
2TSC thymidilate synthase complex with dUMP and an anti-folate methyltransferase 1.97 14
na model of the 5-HT2 receptor GPCR na 15

a (Des-amino Asp 55)hirudin (residues 55-65). na, not applicable.

Table 2. Correlation Matrix for DOCK Scores in Reference Panel of Proteinsa

3DFR 1.000
3CLA 0.374 1.000
1ACL 0.137 -0.045 1.000
1DWC 0.225 0.359 0.244 1.000
1EED -0.168 -0.031 0.488 0.335 1.000
1POP 0.452 0.411 0.231 0.390 0.159 1.000
2TSC 0.398 0.144 0.443 0.303 0.158 0.373 1.000
5HT2 0.139 0.029 0.466 0.264 0.297 0.337 0.548 1.000

3DFR 3CLA 1ACL 1DWC 1EED 1POP 2TSC 5HT2
a Correlation coefficients r (N ) 972) between each pair of reference binding sites, calculated from a DOCK score matrix (single

conformation, force field scoring).

Table 3. Characteristics of Ligand Dataset

activity class
no. of ligands
in database

class of
target protein

PAF receptor antagonists 136 GPCR
5-HT3 receptor antagonists 52 ion channel
thromboxane A2 (TXA2)
receptor antagonists

49 GPCR

angiotensin-converting
enzyme (ACE) inhibitors

40 metallopeptidase

HMG CoA reductase
inhibitors

114 reductase

random set 581

Tc ) Bc/(B1 + B2 - Bc) (1)
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was not immediately applicable to our nonbinary fingerprint
of DOCK score values.
Thus we used a slightly modified version that nevertheless

lies at the heart of the original Tanimoto method.23 The term
Bc in (1) can be substituted by

where |SA,i - SB,i| is the difference of the DOCK scores of two
molecules A and B at target i, n is the total number of targets,
and threshold is a user-defined value up to which score
differences should be taken into account for the similarity
calculation. For this study, threshold was set to 2 times the
standard deviation of the score difference distribution within
one matrix (Table 4). For |SA,i - SB,i| greater than threshold,
the term {threshold - (|SA,i - SB,i|)} was set to zero.
Furthermore B1 and B2 in eq 1 can be replaced by

(n*threshold), respectively, and as n, the number of targets,
is the same for both fingerprints, our similarity coefficient is
given as

Applying this equation to each of the scoring matrices,
similarity matrices of the sizeN(N - 1)/2 were calculated, with
N being the number of molecules in the database.
Generation of DAYLIGHT-Based Fingerprints and

Similarity Indices. DAYLIGHT uses a fingerprinting algo-
rithm that is based on hashing every possible bond path (up
to a certain length limit) through a molecule into a string of
bits.24 The similarity coefficient of two different molecules is
calculated by the standard Tanimoto formalism as described
in eq 1 above. We used the DAYLIGHT software to generate
a similarity matrix for each combination of molecules in our
database.
Computing Enrichment Factors for Each Activity

Class. Since the absolute values of the similarity coefficients
calculated with our DOCK-based method cannot be directly
compared to those obtained by DAYLIGHT, we use enrichment
factors as a measure of success. For a given activity class,
these factors describe the enrichment of compounds of the
same action in a nearest-neighbor list.
The following procedure was used to compute enrichment

factors: Each ligand in turn was taken as a template for a
similarity search. All the other compounds in the database
were ranked based upon their similarity with the template
(“nearest-neighbor list”). For a given percentage of top scores,
the number of compounds which belong to the template’s
activity class was determined.
The enrichment factor E of a particular compound of activity

A for a given percentage p was computed according to the
following equation:

Thus, a compound whose activity class in its nearest-neighbor
list is represented by the same portion than in the whole
database has an enrichment factor of 1 (i.e., no enrichment at
all).
Furthermore, the mean enrichment factors Eh (p) for each

activity class at various percent levels were calculated, with

n being the total number of compounds in the activity class:

k Nearest-Neighbor (kNN) Analysis. As an alternative
method to gauge the success of our approach, we classified our
dataset by a well-established nearest-neighbor (nn) approach.25
Basically, the membership of a compound to a particular
activity class is predicted based on the activity class(es) of its
k nearest neighbor(s). The analysis involved the following
steps: (1) In order to determine the optimal values of k for
our given similarity matrices, we first randomly split the five
activity classes in half into a training set and a test set. (2)
The values for k were varied from 1 to 10, e.g., for k ) 1 only
the most similar compound was used for the prediction. (3)
The activity class of each member of the training set was
subsequently predicted taking the whole Tanimoto matrix into
account. It should be pointed out that the group of compounds
randomly taken from the MDDR database was not included
in the training set but used in the prediction of the test set,
again to serve as a negative control. (4) In cases of equal
numbers of nearest neighbors (e.g., a compound has three ACE
inhibitors and three PAF antagonists in its nn list), the class
with the higher mean Tanimoto coefficient of the nn’s was used
for the prediction. (5) To cope with the different random
expectations (chance predictions) due to the uneven number
of members within the activity classes, we judged the success
rate for each particular activity class by a prediction factor P,
pretty much ressembling the calculation of the enrichment
factors in eq 4:

(6) A mean prediction factor Ph was calculated for each value
of k, with m being the number of activity classes:

(7) The best predictive performance for the training set and
thus the optimal value for k was determined by the highest
mean prediction factor Ph training. This value of k was then
applied for prediction of the test set (Ph test) and the total set
(Ph total).
Root Mean Square Difference (rmsd) Distribution. In

order to inspect the relative physical orientation of similar
compounds in the different binding sites of the reference panel,
we first took each compound in the database in turn as a
template and generated the respective top 1% hit lists, based
on the similarity indices. Subsequently, the template or
“mother” structures as well as their corresponding hits or
“children” were extracted from the eight different binding sites.
To obtain the rmsd spatial distribution of the “children”
relative to their “mothers”, the templates were superimposed
onto each other while retaining the relative orientations of the
“children”. Then, for each combination of children and binding
sites, the rmsd was calculated.

Results and Discussion
Enrichment Factors. The results obtained using

eqs 4 and 5 for the different similarity matrices are

Table 4. Score Difference Distributions

difference

method max min mean standard deviation threshold used in eq 3

one conformation, force field scoring 62.3 -60.4 0.4 9.5 19.0
10 conformations, force field scoring 52.2 -69.9 -1.2 8.6 17.2
one conformation, contact scoring 260.0 -258.0 2.5 33.8 67.6
10 conformations, contact scoring 155.0 -164.0 0.3 27.2 54.4

∑
i)1,n

{threshold - (|SA,i - SB,i|)} (2)

Sc ) ∑
i)1,n

{threshold - (|SA,i - SB,i|)}/(2(n*threshold) -

∑
i)1,n

{threshold - (|SA,i - SB,i|)}) (3)

E(p) ) (no. of hits of activity A/total no. of hits)/
((no. of compounds of activity A in database - 1)/

(total no. of compounds in database - 1)) (4)

Eh (p) ) ∑
i)1,n

Ei(p)/n (5)

P ) (no. of correctly predicted compounds of
activity class/total no. of predicted compounds
of activity class)/((no. of compounds of activity
class in database - 1)/(total no. of compounds

in database - 1)) (6)

Ph ) ∑
i)1,m

Pi/m (7)
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shown in Figure 1 and Table 5. From these findings
several conclusions may be drawn as follows: (1) all
methods applied lead to a mean enrichment of com-
pounds of the same activity class, since all enrichment
factors for the top percent levels are greater than one.
In other words, our DOCK-based approach is clearly
able to cluster compounds having the same biological

activity. However, there is great variation in the degree
of enrichment, both between different activity classes
as well as between different calculation methods. (2)
In most instances, the rank order is DAYLIGHT >
DOCK, force field scoring, one conformer > DOCK, force
field scoring, best of 10 conformers > DOCK, contact
scoring, one conformer ) DOCK, contact scoring, best

Figure 1. Mean enrichment factors obtained from different DOCK scoring matrices and DAYLIGHT: (a) PAF, (b) 5-HT3, (c)
TXA2, (d) HMG-CoA, (e) ACE, and (f) random. Symbols: (]) DOCK, one conformation, force field scoring, (0) DOCK, 10
conformations, force field scoring, (2) DOCK, one conformation, contact scoring, (O) DOCK, 10 conformations, contact scoring,
and (*) DAYLIGHT.
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of 10 conformers. This observation will be discussed in
more detail below. (3) For the random set, as antici-
pated, none of the methods yields any enrichment. (4)
As can be deduced from the rather high standard
deviations of the mean enrichment factors, there is a
great fluctuation in the individual enrichment factors.
Thus, for a given template (or query) structure, there
is no guarantee that one can find all compounds of the
same activity class in the hit list. Nevertheless the
overall chance is clearly higher than random.
k Nearest-Neighbor Analysis. The determination

of an optimal value for k is shown graphically in Figure
2 by plotting the mean prediction factors Ph training of the
training sets against k. An optimal value of k ) 1 was
found for all similarity matrices with the exception of
the DOCK score matrix with force field scoring and best
of 10 conformers, with k ) 3 yielding the best predici-
tions. These values were subsequently used for the
predictions of the test sets.
Table 6 summarizes the final results of the k nearest-

neighbor analysis in detail for the two best performing
methods. In addition Figure 3 shows the mean predic-
tion factors Ph total, determined over the whole dataset,
for all similarity matrices under investigation.
The rank order of performance obtained by the knn

analysis is very similar to the rank order which resulted
from calculation of the enrichment factors (DAYLIGHT
> DOCK scores with force field scoring and > DOCK
scores with contact scoring). It is obvious that our
DOCK-based method has the potential to predict the
class membership of compounds far better than random,
though worse than DAYLIGHT's 2D approach.
DOCK vs DAYLIGHT. As the DAYLIGHT method

in all instances performs better than any of our DOCK-

based methods, we wanted to gain more insight into
which compounds are actually found by each method.
We therefore compared the top 1% hit lists from the
DAYLIGHT and the DOCK, force field scoring, one-
conformation method.
As can be seen in Figure 4, there is only little overlap

in these hit lists. On average, about 30% of the DOCK
hits (compounds of the same activity class as the
template compound) overlap with the respective DAY-
LIGHT hit lists. Although this is significantly higher
than chance probability, one should expect a much
higher degree of overlap considering two methods both
seeking to find molecular similarity. Thus we believe
that our DOCK-based method is complementary to the
DAYLIGHT approach since the largest portions of the
hit lists are in fact different. Some examples should
illustrate this finding (Figure 5).
The difference in the methods is easily understood.

Being a fragment-based approach, the DAYLIGHT
method is more suited to find common core substruc-
tures (e.g., the benzodiazepine moiety in many PAF
antagonists). Considering the selection criteria for the
test set, comprising only compounds already optimized
for their respective target, there are clearly only a few
such core structures present for each activity class.
Thus, given such an ideal case for a fragment-based
approach, it is not surprising that DAYLIGHT is
superior in overall performance. On the other hand, the
merit of our method is finding similarities based on
shape and electrostatic complementarity. Both of these
molecular properties seem to be important for obtaining
high enrichment factors and good predictive perfor-
mance in the knn analysis, since the force field-scoring
scheme yields generally much better results than pure
contact scoring.
Flexible vs Rigid Docking. A puzzling result is the

fact that the “best scoring of 10 conformations” method
in most instances performs more or less equal to the
“one-conformation“ method. Taking Terrapin's in-vitro
results into account, flexible docking should, in prin-
ciple, lead to more superior results than rigid docking.
Nontheless, there are several possible explanations for
our findings:
Ten conformations per compound in most cases is by

far not enough to cover the conformational space of a
molecule adequately. More advanced methods of flex-
ible docking might therefore lead to better results. The
importance of molecular flexibility can be easily deduced
from our results: Whereas the 5-HT3 antagonists, as
the most rigid class of compounds in our test set, yield
the best results in both analysis methods, the highly
flexible ACE inhibitors perform very poorly. Interest-
ingly, the ACE group is the only case where the “best

Table 5. Mean Enrichment Factors

percent level (p) method PAF 5-HT3 TXA2 HMG-CoA ACE random

1 DOCK, 1 conf,a ffsb 2.4 (2.2)c 7.3 (5.0) 4.5 (4.0) 3.7 (2.2) 2.1 (3.1) 1.1 (2.7)
DOCK, 10 conf, ffs 1.6 (1.1) 5.1 (3.8) 3.7 (2.8) 2.1 (1.1) 2.5 (2.9) 1.1 (2.1)
DOCK, 1 conf, csd 1.3 (0.9) 2.5 (2.7) 1.4 (1.6) 1.3 (1.2) 1.5 (2.4) 1.0 (0.4)
DOCK, 10 conf, cs 1.3 (0.8) 2.7 (2.6) 1.3 (1.3) 1.3 (0.9) 0.9 (1.4) 1.1 (0.7)
DAYLIGHT 4.2 (4.7) 10.2 (5.0) 8.4 (4.9) 6.8 (2.8) 16.3 (9.8) 1.1 (7.3)

2 DOCK, 1 conf, ffs 2.1 (1.9) 6.1 (3.9) 3.8 (3.1) 3.4 (1.7) 2.0 (2.5) 1.1 (2.3)
DOCK, 10 conf, ffs 1.5 (1.0) 4.9 (3.6) 3.3 (2.2) 2.0 (1.0) 2.1 (2.1) 1.0 (1.9)
DOCK, 1 conf, cs 1.2 (0.7) 2.6 (2.3) 1.4 (1.3) 1.3 (0.9) 1.4 (1.4) 1.0 (0.4)
DOCK, 10 conf, cs 1.2 (0.7) 2.8 (2.4) 1.2 (1.1) 1.2 (0.7) 1.0 (0.9) 1.0 (0.5)
DAYLIGHT 3.4 (3.6) 7.9 (3.7) 6.3 (3.5) 6.2 (2.2) 13.8 (8.7) 1.1 (5.2)

a Conformations. b Force field scoring. c The numbers in parentheses represent the standard deviations. d Contact scoring.

Figure 2. Determination of optimal values for k.
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of 10 conformations” approach gives slightly better
results than the “one-conformation” calculation.
As pointed out above, both shape and electrostatic

contributions seem to be of importance in obtaining good
results. On the other hand, the shape contribution
particularly can vary greatly from one conformation to
the other. Since we have used the highest total score
of each compound and for each different target, the
shape complementarity of compounds of the same
activity class might have been lost.
Multiple Binding Modes. Another finding associ-

ated with our DOCK-based method is the fact that the
relative binding orientation of two molecules with a high
similarity index is by no means constant over the

reference panel of binding sites. This can be deduced
from the rmsd distribution of compounds of the same
activity class and belonging to the top 1% hit list (Figure
6). Consequently, compounds with similar DOCK scores
throughout the reference panel might gain their simi-
larity by interacting differently with the respective
binding pockets. In our opinion, this behavior can be
explained by the fact that in many instances we deal
with only weak to medium strengths of binding interac-
tions which can be translated to “unspecific” binding in
a “real world” setting. We assume that Terrapin’s
experimental approach has to face the same problem
as they deal with a broad range of binding affinities as
well. On the other hand, there is more and more
evidence from X-ray crystallography data that even
compounds with very similar structures and high af-
finity to their target receptor can bind in totally different
relative orientations.26 Our method seems to reflect this
multiple binding mode phenomenon.
Recently it became obvious for some target proteins

(e.g., the neurokinin receptors27) that there is only very
little overlap in the binding sites of competitive, high-
affinity antagonists and the respective agonists. In
these cases our method might fail to find agonists
starting from antagonists and vice-versa, since the
DOCK approach relies on a substantial overlap of the
binding pockets.

Conclusions and Outlook

By using DOCK scores for a set of molecules docked
into a variety of protein binding sites, we can deduce
molecular similarity indices which allow us to discrimi-
nate between compounds of different activity classes.
Furthermore, as opposed to a commonly used 2D ap-
proach, we found similarities among compounds of the
same activity class possessing completely different
chemical scaffolds, yet we see our method as comple-
mentary to standard approaches. Since we have only
used high-affinity compounds in our test set, the ability
to find novel medium-affinity leads in a large compound
database has to be demonstrated on new targets.
Opposed to Terrapin’s in-vitro study, we have not yet

made an attempt to quantitatively predict ligand bind-
ing affinities based on the DOCK fingerprints. Encour-
aged by our results, we will address this ultimate goal
in the future on the basis of a “real life” corporate

Table 6. Nearest-Neighbor Classification of Different Similarity Matrices

training set test set

% random
expectation

% correct (no.
correct/no. total)

prediction
factor (P)

% correct (no.
correct/no. total)

prediction
factor (P)

DOCK, 10 Conformations, Force Field Scoring, k ) 3a
PAF 13.99 33.82 (23/68) 2.42 26.47 (18/68) 1.89
5-HT3 5.35 46.15 (12/26) 8.63 61.54 (16/26) 11.50
TXA2 5.04 52.00 (13/25) 10.32 45.83 (11/24) 9.09
HMG-CoA 11.73 35.09 (20/57) 2.99 47.37 (27/57) 4.04
ACE 4.12 30.00 (6/20) 7.29 0.00 (0/20) 0.00
random 59.80 79.69 (463/582) 1.33

DAYLIGHT, k ) 1b
PAF 13.99 76.47 (52/68) 5.47 82.35 (56/68) 5.89
5-HT3 5.35 92.31 (24/26) 17.25 65.38 (17/26) 12.22
TXA2 5.04 68.00 (17/25) 13.49 62.50 (15/24) 12.40
HMG-CoA 11.73 91.23 (52/57) 7.78 85.96 (49/57) 7.33
ACE 4.12 80.0 (16/20) 19.44 75.00 (15/20) 18.26
random 59.80 73.49 (427/581) 1.23

a Mean prediction factor Ph total for total set (without random set): 5.82. b Mean prediction factor Ph total for total set (without random
set): 11.95.

Figure 3. Mean prediction factors for whole datasets.

Figure 4. Overlap of top 1% hit lists from DAYLIGHT vs
DOCK, single conformer, force field scoring.
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database. This would allow us to use other tools, like
stepwise linear regression, rather than the classification
schemes utilized in this study.

The predictive performance of our method clearly
relies on the ability of DOCK to simulate the binding
event of a ligand to a target protein. We have already

a

b

c

Figure 5. Examples of hits found with the DOCK-based approach (single conformer, force field scoring), which were missed by
DAYLIGHT. The top molecules were used as templates for similarity searches, while the bottom molecules show some respective
hits. The registry numbers represent the compound numbers internally used in the MDDR database: (a) PAF antagonists, (b)
5-HT3 antagonists, and (c) HMG-CoA inhibitors.

Molecular Similarity via DOCK Journal of Medicinal Chemistry, 1996, Vol. 39, No. 17 3407



demonstrated that the force field-scoring method per-
forms much better than the simpler contact scoring, yet
considering only van der Waals and Coulombic terms
for molecular interactions is surely suboptimal. Thus
more elaborate scoring schemes (e.g., based on empirical
or quantummechanical parameters) in conjunction with
flexible docking should have the potential to further
enhance the results.
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Figure 6. rmsd distribution of relative orientations of similar
compounds, taken from the top 1% hit list of the DOCK-based,
single-conformation, force field-scoring method.
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