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Virtual screening models for finding novel antidepressants
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Abstract : Virtual screening was carried out against various biological targets related to depression
by support vector machine classification using the atom-type descriptors. The models were
effective as over 75 and 95% of the molecules in external test datasets could be correctly classified,
depending on target. Antidepressant compounds had predicted activity against 2.3 targets,
on average. An introduction is given to virtual screening and the results of classification
experiments are presented J. Med. Invest. 52 Suppl. : 297-299, November, 2005
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INTRODUCTION

The rapid development of computational tools made
it possible to effectively predict various properties,
such as activity, toxicity, absorption, etc. of bio-
logically relevant compounds. These virtual methods
that can aid in finding compounds with desirable
properties, without the time and effort of synthesizing
and testing them, are becoming increasingly popular.
The method when active compounds are identified from
a database of molecules by computer is called virtual
screening.

The aim of this work was to develop virtual screen-
ing method(s) for a number of targets related to
depression, and use models to identify natural
compounds with possible positive effects.

DISCUSSION AND RESULTS

To perform predictions some information is nec-
essary about the 2 or 3 dimensional structure(s) of
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target and/or some active molecules.

When there is no 3D structural information available
about the potential target proteins, like in case of
many depression-related targets, the approach should
be to examine known active molecules, and to extract
characteristic structural information that is suitable
to characterize novel compounds. Two approaches
are possible ; one is to find similar structures to the
already known active ones using various similarity
measures ; the other is to utilize a method that can
discriminate between positive and negative examples.
In the current study the second approach was applied
(1-5, 11-13).

A computational learning tool, called support
vector machines (SVM) were used to make differ-
entiation between the sets of active and non-active
compounds (Figure 1). Computational learning methods
are aimed at embedding human knowledge into
workable approaches, and these methods are broadly
used in chemoinformatics (6) .

It is necessary to translate the structural infor-
mation of molecules into a set of numbers, so
called descriptors, which can be interpreted by the
computational algorithm. There are many differ-
ent way to do this, in this study atom type descrip-
tors were used that were generated by counting
the number of different kinds of atoms in the
molecules. The advantages of characterizing a
molecule this way are various. These are mainly
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the accuracy (theoretically hundred percent) , the
ease and speed of generating these features.
Furthermore the method can be used for any kind
of compounds with large diversity (14-17).

By using SVM the sets of positive and negative
examples were separated by making a non-linear
transformation of the original descriptors into a
high dimensional feature space, where an optimal
separating hyperplane can be found. Any novel
structure can be classified by calculating its position
relative to this hypersurface .

SVM models were prepared for a number of
targets relevant to antidepressants (7-10) . These models
bore very good prediction power with accuracies
of prediction over 75% and 95% for positive and
negative examples, respectively (Table 1) . The

Decision Models

01

Non-actives Descriptor Tables

Support Vector Machines

Figure 1.  General scheme of computational learning method used.

Table 1. Success rate of prediction for the external test
sets of screening models of depression related targets.

Recall (%)

ID Target Name Pose Neg® Ec

Serotonin Receptor agonists

M1 HT1A 79.7 952 13.2

M2 HTI1C 80.3 99.6 144.7

M3 HT1D 889 979 293
Serotonin receptor antagonists

M4 HT3 845 969 19.6

M5 HT2A 80.8 96.2 173

M6 HT2B 732 99.1 673

M7 HT1A 674 989 39.0

M8  Serotonin reuptake inhibits 709 975 21.0
Adenosine agonists

M8 Al 67.7 99.5 83.7

M9 A2 719 979 294
Dopamine Antagonists

M10 D2 70.8 975 234

M 11 Norepinephrine uptake i. 80.8 99.2 63.3
Monoamino-oxidase inhibitors

M 12 CRF antagonists 882 99.2 60.0

M 13 Substance P antagonists 82.0 96.6 13.5

apositive examples, ? negative examples, < enrichment

method was effectively used to filter large com-
pounds libraries with high speed. It was also found
that antidepressants are usually active against mul-
tiple targets (Figure 2).
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Figure 2. Percents of antidepressants predicted active by the
given number of filters.
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