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information as possible). Selection of those fesgur
deemed to be important may be performed (this &ep
optional). Finally the actual similarity metric applied to
define the proximity (similarity) or distance (disdlarity)

of molecules in descriptor space.

Abstract - A novel method (MOLPRINT) for virtual
screening and the elucidation of ligand-receptanding
patterns is introduced which is based on envirorsef
points on the molecular surface.

In combination with the Tanimoto coefficient anglgd A variety of descriptors for molecular structuressg
to virtual screening, it achieves retrieval ratekigh are which are commonly classified according to the

comparable to 2D fingerprints. In combination with dimensionality of data used to calculate them. One-
information-gain based feature selection and a Waiv dimensional descriptors use overall molecular prige
Bayesian Classifier, information from multiple mmlées such as logP[1], two-dimensional descriptors aneved

can be combined and classification performance lban from the connectivity table (such as topologicalides[2]
improved. The descriptor uses points relative te th and fragment-based descriptors). Three-dimensional
coordinates of the molecule which are uniformlyrigid, descriptors use spatial information such as thmetp
thus it is translationally and rotationally invané. Due to pharmacophores[3] and the well-known comparatietl fi

its local nature the descriptor is conformationally analysis (CoMFA)[4].

tolerant. The identification of active structuresithw
minimal 2D similarity is facilitated, commonly refed to
as “scaffold hopping”.

Descriptors which are invariant to both rotationdan
translation are known as TRI (Translationally and
Rotationally  Invariant)  descriptors.  Translational
invariance can be achieved by using a coordinattesy
relative to the molecule and by centering the mdéec
with respect to it. Rotational invariance can baiexed

by using distances between features instead ofuriags
coordinates in absolute space. This is the basis of
autocorrelation approaches, which are well-knowhath

two dimensions[5] and three dimensions[6].

Features which are selected by the information-gain
based feature selection step can be projected badke
molecular surface. They are shown to be consistatfit
experimentally determined binding patterns.

Keywords: Similarity searching, Virtual Screening, Drug
Discovery, Binding Pattern Analysis, Molecular El

Surfaces. “Surface point environments”, the descriptor introed in
. this paper, are constructed in a three-step pro¢ess,
1 Introduction points on a “molecular surface” are computed. Secon

interaction energies at surface points are caledlating
hypothetical probes  with  varying parameters
corresponding to different interaction types. Third
interaction energies are encoded into descripgorspding
only local information about interaction profilas binary
presence/absence features. Note that the surfaité po
environment descriptor is the surface point analsgof
The determination of similarity between two molesul  atom environments[7], using surface point interacti
generally involves generation of representativéuies for energies instead of different types of heavy atoms.

each molecule (which have to conserve as muchaetev

Molecular similarity searching relates differesce
between experimentally determined properties oftao$
molecules to their differences in descriptor spaasp
known as “chemical space”. The representation of
compounds in chemical space can then be used te mak
predictions about properties of untested molecules.
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Following the idea that most of the features caltmd are
(for our purposes) noise, a feature selection nuketiso
advisable. Here, we employ information-gain based
feature selection as introduced by Quinlan[8]

If information from more than one molecule is giyéme
problem of merging information needs to be addeksse
Similarity coefficients have a shortcoming in titaey, by
nature, are only able to deal with single fingernsi A
simple method to combine information from multiple
molecules is to define minimum cutoff frequencies &
feature to enter the merged fingerprint.

Here we follow a different route in calculating #amity.
In a fashion similar to binary kernel discriminatia type
of data fusion is performed prior to scoring byngsihe
Naive Bayesian Classifier[9]. For comparison, aifamo
Coefficient is employed and used for database siorge
with single active molecules.

The method is validated using different sets ofdgjally
active compounds from the MDDRJ[10] database. Featur
with high information gain are projected back ore th
molecular surface and shown to correlate with
experimental binding patterns.

2 Material and Methods
2.1 Descriptor

A descriptor based on “surface point environmets$
been developed. A unique surface environment descri

of each individual point of the molecular surface i
calculated (Figure 1), where the presence/abserice o
interaction energies up to a given layer depth are
considered to construct the surface point enviroime
vector (Figure 2).

Sets of surface point environments define the finget
of a molecule. The molecule is thus representeigrims
of binary presence/absence interaction energy keen
example of which is given in Figure 2.
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Figure 1 — Feature generation: creation of pointthe
molecular surfac
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Figure 2 — Feature generation: determination @frattion
energies and binning for descriptor generation

2.2 Feature Sdection

The resulting fingerprints are subject to inforraatgain
based feature selection[8], based on the entropthef
subsets that are partitioned with respect to tteufe
under consideration (where S is entropy, |S| istohel
number of data sets, Sv is the entropy in dataesuh4Sv|

is the number of data sets in subset v and p is the
probability for a compound to belong to the classlar
consideration):
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2.3 Classification

@)

Scoring of compounds is performed using a Naive
Bayesian Classifier[9], which has shown to giveuliss
comparable to more sophisticated machine learning
approaches in text classificationdn;,..; is the hypothesis
for active and inactive compounds respectively,id
descriptor number i and P states a probability).

P(h,.ID) _ P(he)[], P M) .
P(hnact | D) P(hnact) I_li P(d| |hnact)
2.4 Compilation of Dataset and

Preprocessing

The dataset used comprises 957 ligands[11] exttacte
from the MDDRJ[10] database. The set contains 49 SHT
Receptor antagonists, 40 Angiotensin ConvertingyErez
inhibitors, 111 3-Hydroxy-3-Methyl-Glutaryl-Coenzgm
A Reductase inhibitors, 134 Platelet Activating téac



antagonists and 49 Thromboxane A2 antagonists. Ancompounds) if it performs well on several differefata
additional 574 compounds were selected randomlynfro sets. By selecting features which are identifiedbamg
the MDDR database and did not belong to any ofethes important for activity by the algorithm and project
activity classes. A number of methods have beetieapbp  them back on the molecular surface it can be eetithat

to this dataset[11] which enables us to compardasity they do not constitute incomprehensible sets ofufea
searching performance of our method to establishedwhich are only accidentally correlated with activithese
algorithms. features are examined with respect to whether they

correspond to experimental binding patterns. Serfac
2.5 Computational Details fingerprint descriptors were calculated at poimgites of

2.0/A? for all six interaction fields and using layers-04
10-fold random sets of 5 active molecules have beenfor descriptor generation. Information gain feature
selected and the set of inactive molecules was irsed  selection was performed to select those features
50/50 split. Feature selection was set to sele@t 300 or possessing highest information gain, which were emor
1000 features for each set of molecules. The Hi& ra frequent in the set of active molecules. A numbér o
among the ten highest ranked hits of the sortedryowas selected features showing highest information geéne
calculated. The average hit rate for each clasactte projected back onto the molecular surface. Exampfes
molecules (= the number of molecules among thel®p  ligands of 3-hydroxy-3-methylglutaryl coenzyme A
structures belonging to the same activity clash@gjuery  reductase and antagonists of Thromboxane A2 asngiv
structure) was then calculated from the ranked dist
structures. Performance, defined as average leis,ratas 3 Results
compared for surface point environments calculatiéd a

triangulation density of 0.5/A and 2.0/ For Overall performance is compared to other methods i
comparison, a Tanimoto coefficient was employed in figure 3. Compared are atom environments with the
combination with features derived from single males. Tanimoto coefficient, Feature Trees, surface fipgats

with the Bayesian classifier (as described in thak),
Three-dimensional descriptors always depend (to aatom environments with the Naive Bayesian Classifie
varying degree) on the particular conformation bét ISIS MOLSKEYS, surface point environments with the
molecule to be described, hence tolerance of theriggor Tanimoto coefficient (as described here), Daylight
described here with respect to conformational chamngas fingerprints, SYBYL Hologram QSAR, and three vittua
examined. 10 molecules from each of the five séts o affinity fingerprint methods: Flexsim-X, Flexsim-&nd
active compounds were chosen randomly. Using the DOCKSIM. Performance of methods other than atom
genetic algorithm conformational search in Sybyj[dZet environments and surface point environments arentak
of 10 random conformations of each molecule was from ref. 11 (where also references to all methods
created. The window size was set to 10° in casegaf mentioned here are given).
5HT3 ligands and 100° in case of all other data@eRE,
HMG, PAF, TXA2), giving highly diverse conformatisn
Structures were optimized using the Tripos foreddfifor 80% 1 _
100 iterations to remove steric strain. All 10 el M
conformations were put into the database containing ggj: N N
“inactive” structures as well as all active struetifrom o Ll | |
the five active datasets, excluding the query strec The 0% 1| || -
qguery was generated using Concord[13] and optimised 20% | | |
using the Tripos force field for 100 iterations. | Al 10% 1 [ - :i_F
structures of the database were ranked according to 0% ‘ ‘
Tanimoto similarity to the query structure. For ralyt
conformationally  invariant  descriptor, all  ten &
conformations should occur on top of the sorted lis W
because all descriptors were calculated for differe &
conformations of the same structure. For a vergitea
descriptor, considerable spread throughout thebdatais _ _ )
expected. The number of different conformationsthef Figure 3 - Comparison of performance of surfacaipoi
query structure among the top 10, 20, 30, 40 and 5 environments (black bars) with other commonly emett
positions of the sorted library was calculated tuge methods (grey bars)
conformational tolerance of the descriptor.

Average Hit Rate

Using surface point environments in combinatiorhwvifte
Tanimoto coefficient, performance is comparable2i®
fingerprint methods such as Daylight fingerprinfO(— 4
layers are used for descriptor generation at at pi@nsity

Finally it is likely that a method captures sensifdatures
for classification (as opposed to randomly findagtive



of 2.0/4). Combining information from multiple
molecules using the Naive Bayesian Classifier emes
performance further, comparable to the best 2D ousth
(if layers O — 4 are used for descriptor generasiod 200
features are selected at a point density of G)5/Ahe
influence of conformational variance on descriptor
generation is given in table 1. Nearly two thir84%) of
all conformations of the same molecule are idesdifas
most similar by the Tanimoto coefficient (placedhe top
10 positions of the sorted list). 94% of all comfiations
are found in the top 50 positions (roughly 5%) bé t
sorted library.

Table 1 - Percentage of conformations found intdipen
positions of the sorted database

Percentage of Conformations of the Same Structure
Found at Top n Positions of the Whole Database

n 5HT3 ACE HMG PAF TXA2 Mean
10 70 69 75 56 50 64
20 85 87 91 81 70 82.8
30 89 94 94 90 78 89
40 90 96 96 93 88 92.6
50 90 97 96 95 92 94

Features identifying the putative pharmacophore aof
Thromboxane A2 antagonist are shown in figure 4aPo
interactions of the carboxylic acid group on thi kand
side, hydrogen bond acceptor potential of the salfaide
moiety and the lipophilic interaction of the fludenzyl
ring match binding patterns derived from homology
models of the binding site. The bound conformatibthe
ligand is likely to be bent [14] at an angle of ab®0
degrees so that the lipophilic rings points dowrisar

Figure 4 - Putative pharmacophore of a Thromboxane
A2 antagonis

Features identifying the putative pharmacophorex &-
hydroxyl-3-methylglutaryl-CoenzymeA reductase irtab
are shown in figure 5. The polar interactions ie tipper
left corner and the lipophilic interaction of the
fluorobenzyl moiety match binding patterns obserired
crystal structures of other HMG-CoA inhibitors [15]

Figure 5 - Putative pharmacophore of a HMG-CoA
reductase inhibitor

4 Discussion

The superiority of the two-dimensional descriptor
compared to its three-dimensional analogue purétii w
respect to hit rates is in agreement with earlier
findings[16]. Still, in relative numbers, surfacepimt
environments retrieve only 17% and 24% less active
compounds than atom environments, which still caepa
favorably with a number of 2D methods, as giverriag.

3. One of the reasons for that may be conformaliona
tolerance of this descriptor, as discussed in db&dow.
Other 3D descriptors, which employ overall distance
information between pharmacophores (be it surfaietp

or atom centered pharmacophores) change consigiéfabl
the descriptor is calculated for multiple conforioas,
while this descriptor is reasonably tolerant
conformational changes. The performance of sunfedet
environments in combination with the Tanimoto
coefficient is slightly higher if finer surface poidensities

of 2.0/A% are employed, with hit rates of on average 6.2
structures among the ten highest ranked compoundsnv
average 6.1 hits if a point density of 0.548 used. Finer
point spacing may be better at capturing local prigs,
although differences are minimal. Overall, sigrifit
enrichment is observed for each of the point desssit
chosen above.

to



The influence of conformational variance on degorip
generation is given in table 1. Nearly two thir84%) of
all conformations of the same molecule are idesdifas
identical by the Tanimoto coefficient (placed a tbp 10
positions of the sorted list) while 94% of all corrhations
are found in the top 50 positions (roughly 5%) bé t
sorted library. If a molecule that is similar toetlquery
molecule is present in the database, it is likelybe
ranked at the top of the sorted database. This leathe

of features which can be correlated with experiignt
determined binding patterns. Used in combinatioth wi
Tanimoto coefficients, its performance is compagata
that of commonly used 2D fingerprints. If the Taotm
coefficient is replaced by a Naive Bayesian Classif
information from multiple structures can be combine
which is shown to improve classification performanc
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