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We describe a novel method for ligand-based virtual screening, based on utilizing Self-Organizing Maps
(SOM) as a novelty detection device. Novelty detection (or one-class classification) refers to the attempt of
identifying patterns that do not belong to the space covered by a given data set. In ligand-based virtual
screening, chemical structures perceived as novel lie outside the known activity space and can therefore be
discarded from further investigation. In this context, the concept of “novel structure” refers to a compound,
which is unlikely to share the activity of the query structures. Compounds not perceived as “novel” are
suspected to share the activity of the query structures. Nowadays, various databases contain active structures
but access to compounds which have been found to be inactive in a biological assay is limited. This work
addresses this problem via novelty detection, which does not require proven inactive compounds. The
structures are described by spatial autocorrelation functions weighted by atomic physicochemical properties.
Different methods for selecting a subset of targets from a larger set are discussed. A comparison with similarity
search based on Daylight fingerprints followed by data fusion is presented. The two methods complement
each other to a large extent. In a retrospective screening of the WOMBAT database novelty detection with
SOM gave enrichment factors between 105 and-4&2 improvement over the similarity search based on
Daylight fingerprints between 25% and 100%, when the 100 top ranked structures were considered. Novelty
detection with SOM is applicable (1) to improve the retrieval of potentially active compounds also in concert
with other virtual screening methods; (2) as a library design tool for discarding a large number of compounds,
which are unlikely to possess a given biological activity; and (3) for selecting a small number of potentially
active compounds from a large data set.

1. INTRODUCTION expected to share the biological properties of the query

Virtual screening of databases is a popular method for molecule. Most commonly 2D fingerprints (as descriptors)

selecting available compounds for biological assays. It and Tanimoto coefficienﬁgs s_imilarity metric_:) are u_tiliz_ed,
involves the scoring of molecules in a database of chemical although other types of S|m|lar|ty measLfiexist. Similarity
compounds in order of decreasing probability of biological Measures are often continuous values and can be adapted to
activity. The result of this process is a ranked list in which €@l-value representation. A number of studies have applied
the highest ranked compounds are assumed most likely todutocorrelation vectorsieduced graphor other real valued
share the target's activity. In such a manner, potential hits descriptor® to this problem.
may be acquired or synthesized and then tested in the early The availability of published active compounds often
stages of a lead-discovery program. When the 3D structurepresents an opportunity to use a set of active structures rather
of the biological target protein is available, structure-based than a single query. Several repé¥t$? utilizing this
approaches to virtual screening may be useHlowever,  information for similarity search exist. A common way for
when such information is not available, ligand-based ap- incorporating such multitarget data is via data fusidfihe
proaches can be used, with similarity sedio#ing the most  fusjon process usually improves the results, and Hert 't el.
common one. Similarity searching requires a known active recently reported on additional improvements when the
structure, such as a hit from high-throughput screening, usednearest nonactive neighbors are used as queries. Another
as query. This query is compared with a set of potentially possibility for utilizing data from multiple targets is to apply
active compounds by means of a similarity measure. novelty detection techniques.

The use of known active compounds as template to rank Novelty detecti f to the att t of identifvi
a set of compounds with unknown activity has been explored ovelly detection reters 1o the attempt of iden |fy|r!g

patterns that do not belong to the space covered by a given

in a variety of studie4.® Once the compounds from the 11517 Th ! ¥ o t ; | ;
screened set are compared to the query, the set is sorted usin@i9 ' i b(la ST usuahy contains Ifadetmst' ortong/ one o
the similarity coefficients; the top-ranked compounds are '€ @vallablé Classes, hence novelty detection techniques are
sometimes called one-class classification. This approach is
*Corresponding  author phone:  (49)-9131-815668. E-mail: Valuable in many cases where data about a given state of
gastt)?_'igﬁ@rknolfcu|ar-giw\éolflgg-26%”;- PfesergaddreSSi Molecular-Networksthe system can be acquired easily, while the collection of
n’gUn’ivefgit':SErr?:rfgen-Nlunberg. rangen, Sermany. data for the other states is difficult. Novelty detection is
1 University of New Mexico. commonly applied for fault detection, network intrusion
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detection, hand written digit recognition, Internet and e- Table 1. Subsets of Inhibitors Used in This Study

commerce transactions, statistical process control}“féfc. target abbreviaton N &  o°
Prior to virtual screening, one can often access different acetylcholinesterase AChE 568 0433 0168
databases of active structures; however, access to compoundgciooxygenase 2 COX-2 999 0.345 0.142
that have been found to be inactive in a biological assay is 3',5-cyclic-nucleotide phospho- PDE4 457 0.430 0.161

relatively difficult unless such results are reported or stored " die%t_erase thrombi 2105 0377 0.133
in online repositories (such as PubChem). Therefore, building u_rp?gfsn'q?nogen activator oA 199 6397 0172
two-class classification models that might distinguish actives
from inactives is hindered, and a method that does not require 2, ando give the mean and SD of the intraclass similarities, obtained
proven inactive compounds is preferable. with Daylight fingerprints and Tanimoto coefficient

In a typical novelty detection application, say, fault

detection, there is usuallly much.mpre data for the “normal” (b) compare SOM novelty detection with the most commonly
case. In such a scenario one is interested in the patterng,geq similarity search with Daylight fingerprints; and (c)

predicted as novel (signaling fault conditions). However, g,y the effect of different methods for subset selection on
putting the novelty detection into a virtual screening context ine results of a virtual screening experiment.
the “normal” case is described using only known active

compounds.. Since_the system has a knowledge of the.actiye 2 MATERIALS AND METHODS

class alone it predicts as novel those compounds, which lie

far enough from the chemical space set of the active 2.1. Data Sets.2.1.1. Qerview. Five sets of known
compounds. Thus, the process is inverted in the sense thathhibitors—568 acetylcholinesterase (AChE), 999 cyclooxy-
the accent is now on the compounds, predicted as known,genase 2 (COX-2), 457" 8'-cyclic-nucleotide phosphodi-
that is, active. In addition, while the discovery of new active esterase IV (PDE4), 2105 thrombin, and 199 u-plasminogen
scaffolds and chemotypes is a desirable feature of any VSactivator (UPA) inhibitors-were extracted from the WOMBAT
method, the term “novelty” throughout this text refers only (World Of Molecular BioAcTivity) databas&, version

to compounds lying sufficiently far from the chemical space 2006.1. WOMBAT is a target-annotated database available
of the given activity. from Sunset Molecular Discovery (Santa Fe, NM). Release

Novelty detection can be performed by a big variety of 2006.1 contains 154 236 compounds, collected from articles
statistical and machine-learning methods. A comprehensivein medicinal chemistry journals published between 1975 and
review covering both approaches has been presented by2006. A reduced set of 135 877 unique chemical structures
Marcou et a8’ From the large variety of novelty detection resulted after removing duplicate structures as well as those,
techniques we selected one based on Self-Organizing Mapgor which some of the used physicochemical properties could
(SOM). SOM is a neural network model well-known for its not be calculated.
applications to high-dimensional data analysis in many fields, In addition to the structural information, WOMBAT also
including chemistry®1°In spite of its well-documented use ~ contains the reported activity values, expressedkasaue,
as a novelty detector in the field of machine learmfig? information about the species in which the tests were
and the continuous use of SOM for solving chemistry-related performed, and the biological role of the structure (inhibitor,
problem&3 including virtual screening*25to the best of our ~ antagonist, etc.) as well as additional properties of interest.
knowledge novelty detection with SOM has not been applied For all sets of actives used in this study only inhibitors for
to chemical problems so far. the corresponding enzymes tested in human and with reported

There are several reasons for the application of SOM as aactivity less than 3@&m were selected. An overview of the
novelty detector: (a) The method allows the ranking of the selected active subsets is given in Table 1.
accepted structures according to their proximity to the In addition to the number of compounds in each subset,
chemical space covered by the trained SOM, besides thethe average self-similarity, of the whole subset is given.
ability to detect novel patterns; this feature allows us to This value was calculated by taking the pairwise Tanimoto
compare the results of this method with the results obtainedsimilarity between all compounds in the set using the 1024-
using similarity search. (b) The size of the trained SOM is bit Daylight fingerprints and calculating the average value
usually smaller than the size of the entire training set, which of all similarity scores. As can be seen, the inhibitors of
offers speed improvements. (c) The SOM is an unsupervisedAChE are the most self-similar group, having the highest
learning method, thus its application to such “one-class” value of u, while the COX-2 set is the least self-similar,
problems is intuitive. having the lowesj: value.

To build a good description of the active space a 2.1.2. Training Set Selectioffthree methods for splitting
representative set of actives is needed. Clearly, the succesthe available actives into a training and a test set were
of a retrospective virtual screening with SOM novelty comparee-random, semirandom, and TayteButine?’:28
detection cannot be measured on the same compounds, whichlustering. In all cases, half of the known actives were used
were used to build the novelty detector. Thus, different as a training set and the other half as a test set. The test set
methods for splitting the available sets of actives into a was merged with the rest of the WOMBAT structures (up
training and a test set were studied. Although not strictly to 135 877), and the performance of the different methods
needed for a similarity search with Daylight fingerprints, such was measured by their ability to retrieve the known active
a split might be useful when a representative set has to becompounds from this set.
selected in order to decrease the run time of the search. The semirandom method was based on the activity values,

The aims of this work were to (a) examine the applicability assigned to each structure. Each subset was sorted according
of SOM novelty detection to ligand-based virtual screening; to the reported activity and three groups of higKi(p 8),
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medium (6< pK; <= 8), and low (4.5< pK; <= 6) activity lgand-based virtual
were distinguished. Half of the structures from each of these screening methods
groups were randomly picked as training, and the remaining
were kept aside as a test set.

The Taylor-Butina clustering was first described by |@ @|
Taylor” and later by Butind® It is an unsupervised nonhi- mr']'zfa'?; ?ﬁ:,roc: SOM novelty detection
erarchical clustering method which guarantees that every (SSDF) (somND)
cluster contains molecules which are within a distance cutoff
of the central molecule. The similarity matrix obtained with | |
Daylight fingerprints and Tanimoto coefficients for each of e rr—
the active subsets was used as input, and a cutoff value of Seprosentation Mepresentations
0.8 was used. Half of the structures in each cluster were (somNDs) (somNDm)

selected as a training set. Half of the singletons were fFigyre 1. Overview and abbreviations of the three methods for
randomly assigned to the training set as well. The clustering ligand-based virtual screening used in this work. See sections 2.3.1,
as well as data set splitting was carried out using the R 2.3.2.a, and 2.3.2.b for details on each method.

environmeng®

2.2. Chemical Structure Representation2.2.1. Binary

representation

. . . X X query[q] ranked list
Fingerprints (BFP).1024-dimensional unfolded Daylight 1107 2 109
fingerprint$® were generated with the Chemical Descriptors 1 2 {09 n |08

Library 3t
2.2.2. Topological Autocorrelation (AC20ntroduced by
Moreau et af? the topological autocorrelation descriptors

have since then been applied in a number of stuthe® Figure 2. Workflow of a similarity search with a single query:
. . (1) represent the chemical structures; (2) measure the similarity;
The descriptors are calculated according to eq 1 and (3) sort the list. See text for details.

n [08|® | 1 ]07

189S pausalds
N

K& in the screened data set are compared to the query repre-
Ad) = Z Z pipjé(d - dij) 1) sentation by means of a similarity measure, and a list with

= the similarity scores is obtained. In step 3 this list is sorted
in descending order with regards to the similarity score, and
the final ranked list is produced. In the present study for
this similarity ranking, the structures were described by 1024-
dimensional binary Daylight fingerprints. The Tanimoto
coefficient was used as a similarity measure and was
calculated according to eq 2

wherek is the number of atoms in the molecufgjs some
atomic property of atorm dj is the topological distance (i.e.,
the number of bonds) between atomendj, andd(x) = 1
: X =0; 6(x) = 0; x = 0 is the binning function. In the
present study, the autocorrelation function was evaluated
from 0 to 10 topological distances. Thus, the chemical
structures were represented as 11 dimensional vectors with c
regard to the used atomic property. S = Pr— 2)
Three atomic properties were calculated with the software
package PETR# by previously published empirical meth-
ods for all atoms in a molecule: sigma electronegativity

(x,),* effective atom _p_olarizabi_lityc()_,36 and p_artia_l atomic screened structure, aweds the number of bits “on” in both,
charge €r).2” In addition, the identity function, i.e., each i.e., the union of the two representations

atom was represented_by 1, was .used. The a_tomi(_: properties The workflow presented in Figure 2 applies to only one
for each molecule, with exception OT the identity, were query structure. However, a set of known high-quality actives
autoscaled to £€ro mean and unit varlance.bgfc')re applymgis often available. It has been shown by Whittle et'ahat

eq 1. The scaling has been shdiro diminish the in such cases the fusion of the ranked lists obtained from

correlations between the bins of autocorrelation and to bettereach query structure enhances the results of the virtual screen
preserve the physicochemical information. The resulting Thus, to obtain the highest performance of the similarity

aCutc(;(é%rrelgtmn vecatg_rtg we”re ca:lculatleg tW'th ADthﬁNtAtr} search after then ranked lists were obtainedn(being the
-L00€” and were additionally autoscaled 1o ensure that tne \,  yper of query structures, i.e., the number of actives in

\éalul_eds_ are d(_:otmparable \(/jvhben ;‘gﬁt?”‘?e Imela?u(;e (suchas tr\ﬂe training set) these lists were then subject to data fusion.
uclidian distance, used by ) is calculated. The data fusion algorithm calculates a new score for each

2.3. Virtual Screening Methods.A schematic overview g ctyre from the screened data set by combining the scores,
of the three virtual screening methods used in this work is |\ hich the structure has obtained in any of thesimilarity

presented in Figure 1. A detailed overview of each of these |ists There are different methods to combine these scores,
methods is given in the following sections. called “fusion rules™? In the present work the MAX rule

2.3.1. Similarity Search with Subsequent Data Fus®n. 55 ysed, meaning that each screened strupabtained a
schematic workflow for this type of virtual screening is  fina| score, equal to the maximum value of its individual

wherea is the number of bits “on” in the representation of
the query structureb is the number of bits “on” in the

presented in Figure 2. scores, collected from each of the lists, according to eq 3
In the first step, both the query and the screened data set
are described by the same structure representation. In the N — ¢
Srueli) = max[S (i )] ©)

second step, the representations of each ohth&uctures
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Figure 3. Workflow of a virtual screening with a SOM novelty
detector: (1) represent the chemical structures; (2) train a SOM,;

(3) project the screened data set; and (4) sort the list. See text for
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Figure 4. Assignment of local accuracy to a SOM with rectangular
topology and lattice and scoring of three hypothetical structures.

whereS* denotes the calculated similarity score between the
query structure@ and the screened structure

2.3.2. Naelty Detection with Self-Organizing Maps
(somND)2.3.2.a. Single Structure Representation (SOmNDSs).
The process of using a SOM novelty detector for virtual
screening with a single structure representation is shown in
Figure 3.

In the first step, both the training set and the screened

J. Chem. Inf. Model., Vol. 47, No. 6, 2002047

between the screened structure 2 and the neuron weight
vector is larger than the local accuracy (see Figure 4), thus
its score becomes negative, and consequently it is classified
as novel (unlikely to share the biological activity).

2.3.2.b. Two or More Structure Representation (somNDm).
The above workflow makes the screening of a data set using
a single representation of the chemical structures straight-
forward. Usually more than one representation is avaitable
in this study autocorrelation vectors, weighted by different
atomic properties, were used. Thus, the easiest way to
combine such multiple structure representations is by con-
catenating all vectors together, producing a higher dimen-
sional descriptor and applying the workflow described above.

However, when more than one representation of the
chemical structures is available, another method for utilizing
this information may be more suited to the task at hand. We
adopted here the generalized method for a multisensor
environment described by Wong et?alThe method relies
on training a SOM for each individual chemical structure
representation and projecting the training set through these
networks. The outputs of each network, i.e., the distance
between a pattern and its winning neurdor the training
set are collected in a matrix, which constitutes the system’s
knowledge of the “normal” (active) case. When a structure
is presented for screening, the output of all SOMs gives a
vector in the output space, which may be compared to the
positions of the training data. This comparison is performed
using the Mahalanobis distance (MD) between the screened
structure and the training data in the output space. The MD
measures the distance between a vectpand its mean
vector,m,, scaled by its covariance matri€,,. Using these
notations, the (squared) MD is given as shown in eq 5

MD? = (x — m)'C, *(x — m,) (5)

data set are described by the same structure representation.

In the second step, a SOM is trained using only the known
active compounds in the training set. Once the trained SO
is obtained, a local accuracy is assigned to each neuron b

In the context of this workm is a vector containing the

M column means of the “active” space matrix obtained when
)puilding the novelty detector (see the left part of area C in

using the average distance between this neuron and its first. 19Uré 5) andCxis the covariance matrix of this “active”

sphere neighbo®:?? In step 3, each structure from the

screened data set is projected onto the trained SOM, and it

best matching neuron (BMN) is found. The (Euclidian)

distance between the screened structure and its BMN is then )
compared to the local accuracy at the BMN, and the screenec??oUt MD and its ap

structurej obtains a scor&sow(j) according to eq 4
d(j,BMN,)
MmN,

]

Ssom) =1 - (4)

whered(j, BMN;j) denotes the distance between the structure
j from the screened set and its BMN, BMi$ the best
matching neuron for structureon the trained SOM, and
oswmnj IS the local accuracy at BMN

space matrixx denotes a vector containing the output of
ach individual SOM for the compound being tested (the
right part of area C in Figure 5).
De Maesschealk et &.present a comprehensive tutorial
plications. An important property of the
MD is that they arey? distributed. Thus, one can apply a
statistically sound threshold when declaring patterns as novel
(less likely to possess biological activity, given the previously
known active). The threshold may be calculated using the
confidence intervals of thg? distribution, thusy?(0=0.99,
n) will give a value that encapsulates 99% of the data in the
active cluster whem different structure representations are
used. Figure 5 visualizes the four steps of the described
procedure.

The x2 distribution of the Mahalanobis distance is based

The process of assigning the local accuracy and the scoringon the assumption that the data used to calculate it are
of the screened structures is visualized in Figure 4 for a SOM multivariate normal distributed. Figure 6a shows a quantile
with rectangular topology and lattice. guantile (@-Q) plot of the calculated Mahalanobis distances

The local accuracy. is determined as the average distance against the theoretical quantiles gf distribution with 4
between the neuron and its first sphere neighbors. All degrees of freedom for the PDE 4 training set, while Figure
screened structures, falling into the neuron, are scored asb shows the same plot for the uPA set. The value of the
shown,d denoting the distance between the neuron weight thresholdy?(0.99, 4) is presented as a dotted line. As can be
vector and structure representation vector. The distdpce seen from Figure 6 the distribution of the Mahalnobis
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Figure 5. Novelty detection with four different structure representations. After the selected structure representations have been obtained
(area A), a SOM is trained for each structure representation (area B). The training set is projected through the trained networks, and the
knowledge of the “active” space is collected in a matrix (area C, left). The screened structure is then projected through the same networks,
collecting their output in a vector (area C, right). This vector is in turn compared to the “active” space by means of Mahalanobis distance.
Based on a statistically chosen threshold, the screened structure is classified as active or inactive (area D).
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Figure 6. Q—Q plot of the calculated Mahalanobis distance of the training set of PDE 4 inhibitors (a) and for the training set of uPA
inhibitors and (b) against the quantilesgfdistribution with 4 degrees of freedom.

distances is deviating from thé distribution. The observed hand, also scales linearly with, d and the number of query
distribution is heavy tailed in comparison to thé The structures. Thus, the SOM-based method is about 20% faster
Mahalanobis distance can still be used. However, due to thethan the similarity search for an equal descriptors dimen-
heavy tailing toward larger distances the selected thresholdsionality. Provided that the autocorrelation vectors used in
is likely to be conservative, that is, describing the active spacethis study have a 23 times lower dimensionality than the
very tight. Such a behavior is useful when a low false- fingerprints, the execution is faster when a single SOM is
positive ratio is needed. False-positive in the context of this used. All run times were measured on a 64 bit Athlon 3700
paper refers to inactive compounds, predicted as active. PC with 1GB of RAM, running SUSE Linux and using an
2.3.3. Selection of SOM Size and Time CompleXite in-house written program.
complexity of projecting a data set of sire where each 2.3.4. Selection of the Best SOWhe training of a SOM
pattern has a dimensionalit/to a SOM withn neurons is is a stochastic approximation process, thus usually several
linear in all these sizesO(mdr). Preliminary experiments  maps need to be built and the best one is selected. A big
have shown that increasing the number of neurons beyondvariety of measures for the goodness of mapping has been
80% of the size of the training set does not lead to significant proposed}4? but there is still no uniformly recognized
improvement of the results. Thus, a SOM with a number of method to evaluate the quality of a particular SOM. Thus,
neurons roughly equal to 08 s, wheres is the number of in the following experiments with single structure representa-
patterns in the training set, was used. The complexity of the tion ten SOMs were trained, and the obtained ranked lists
similarity search with subsequent data fusion, on the other were merged using eq 3. When multiple representations in
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Table 2. Recall in Percent at Rank 1000 for the Five Activity Clagses

autocorrelation of

activity class data set split fingerprifts identity? YoP o ot concatenated
AChE (284y random 65.1 (182) 29.3 28.2 36.3 36.4 70.4 (199)
semirandom 67.3(191) 23.9 22.6 33.3 38.2 66.3 (189)
clustering 73.1(208) 241 27.4 33.2 37.1 66.5 (189)
COX-2 (500) random 69.4 (344) 44.1 26.3 35.1 42.7 68.4 (339)
semirandom 79.8 (400) 48.3 26.4 32.9 40.3 66.8 (335)
clustering 61.6 (312) 47.8 25.2 34.8 39.8 68.3 (341)
PDE 4 (229 random 92.8 (213) 36.9 34.2 44.1 38.1 72.4 (166)
semirandom 88.5 (203) 38.3 35.1 36.4 314 73.9 (169)
clustering 94.3 (216) 33.1 30.3 40.7 33.8 74.1 (170)
thrombin (1053) random 41.4 (430) 28.4 20.1 27.2 34.3 46.4 (481)
semirandom 39.2 (409) 32.7 19.9 29.4 35.2 50.2 (529)
clustering 41.7 (440) 30.3 21.3 29.3 36.4 53.4 (560)
UPA (100} random 69.4 (69) 34.2 15.9 33.1 325 52.3 (52)
semirandom 74.4 (74) 32.4 19.2 36.6 46.2 70.2 (70)
clustering 79.7 (80) 24.2 18.1 35.7 46.7 56.4 (56)

a Similarity search with subsequent data fusion (method 1 of Figure 1, cf. section 2. 3QM novelty detection with single structure representation
(method 2a of Figure 1, cf. section 2.3.2.a), fused results of ten networks, descriptor: topological autocorrelation vectors, weighted bydhdingrre
atomic property¢ Same method as footnabedescriptor: the four autocorrelation vectors concatendt&dtal number of active compouné§he
numbers in parentheses give the number of recovered active compounds.

concert with a Mahalanobis distance were used, the SOM activity, r is the rank, andF,is the number of experimentally
with the lowest quantization error was used for each validated actives recovered at this rank. Any method which
representation. For a data set containMgpatterns, the  performs superior to a random selectiorr @bmpounds has
average quantization error is calculated according to eq 6an enrichment factor greater than one.

2.5. Validation. Two cross-validation-like approaches
have been used to validate the performance of the studied
virtual screening methods.

In the first approach, the known active structures were
whered(x,BMN,) denotes the distance between pattern  randomly split into ten parts. Each one of these parts was
and its best-matching neuron. kept aside. The training set was selected from the remaining

2.4. Performance Measures2.4.1. RecallVirtual screen- known active structures, and a virtual screening of the whole
ing involves the sorting of a data set of chemical compounds WOMBAT database was performed. The retrieval of the
in order of decreasing probability of activity. Once the whole actives which were kept aside among the 1000 top-ranked
data set has been sorted a subset of the top ranked compound®mpounds (after removing all other known actives from
is considered. The size of this subset is caliaak. the ranked list) was considered. The whole procedure was

The results of virtual screening experiments are usually repeated five times, and the average recall over the 50
reported by using aumulatve recall (most commonly repetitions is reported. This approach ensures a realistic
referred to asrecall).*® The recall at a givenrank is evaluation of the performance of the corresponding virtual
calculated according to eq 7 screening method.

= The second approach was designed in a more aggressive
recal| = _act @) way. Approximately 10% of the known actives were kept
(D) aside. However, instead of a random selection, these test sets
contained complete clusters, as identified by the Taylor
whereDacis the number of compounds in the screened data Butina clustering algorithm. Therefore, the training sets
set, which exhibit a given biological activity (i.e., the size selected from the remaining active structures contained
of the test set)s is the rank, andFact is the number of  compounds structurally dissimilar to the compounds in the
experimentally validated actives recovered at this rank. The test sets. Since there is a limited variability in the test set
recall gives that fraction of the known actives, which was selection procedure due to the clustering, the above procedure
recovered in the similarity search at a given rank. Itis bound \yas executed one time. In this manner the lower bound of
between zero and one, with one indicating perfect perfor- the expected performance can be evaluated.
mance.

2.4.2. Enrichment Factor (effhe enrichment factor (ef) 3. RESULTS AND DISCUSSION

gives the improvement in the retrieval of active structures

at a given rank compared to a random selection with the Table 2 gives the recall in percent and in parentheses the
same rank. It is calculated according to eq 8 absolute number of retrieved actives at rank 1000, i.e., after

the thousand top-ranked structures, have been retrieved from
the screened set of 135 877 compounds.

The five activity classes are shown with regards to the
descriptors, analysis method, and data set splitting method.
whereDy is the size of the data sdD. is the number of  The size of the test set, that is, the actives which were the
compounds in the data set which exhibit a given biological aim of retrieval, is indicated in parentheses for each activity

N

€= 1 d(x,BMN,) (6)

F.. D
ef =2, 4 ®)
r Dact
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Table 3. Cross-Validated Recall in Percent at Rank 1000 Using Table 4. Cross-Validated Recall in Percent at Rank 1000 Using

Random Test Set Selectibn Complete Clusters as Test Set
autocorrelation, autocorrelation, autocorrelation, autocorrelation,
fingerprints concatenated %2° fingerprints concatenated y2C
activity class recall SD recall SD recall SD activity class recall SD recall SD recall SD
AChE 77.0 6.0 72.3 6.0 61.7 6.2 AChE 14.0 126 31.2 14.2 21.2 10.2
COX-2 589 7.1 84.6 2.9 78.0 6.2 COX-2 9.5 3.8 75.8 13.7 65.0 15.6
PDE 4 90.3 4.8 79.7 6.5 71.9 6.7 PDE 4 30.6 26.1 38.9 20.7 24.5 19.6
thrombin 486 4.2 53.1 4.1 39.0 6.4 thrombin 3.8 3.6 21 5.5 121 2.7
uPA 69.8 9.8 60.1 10 57.9 10.1 uPA 275 23.0 30.8 18.2 31.8 23.7

a Similarity search with subsequent data fusion (method 1 of Figure 2 Similarity search with subsequent data fusion (method 1 of Figure
1, cf. section 2.3.1 SOM novelty detection with single structure 1, cf. section 2.3.1) SOM novelty detection with single structure
representation (method 2a of Figure 1, cf. section 2.3.2.a), fused resultsrepresentation (method 2a of Figure 1, cf. section 2.3.2.a), fused results
of ten networks, descriptor: descriptor: the four autocorrelation vectors of ten networks, descriptor: descriptor: the four autocorrelation vectors
concatenated SOM novelty detection with multiple structure repre- concatenated. SOM novelty detection with multiple structure repre-
sentation (method 2b of Figure 1, cf. section 2.3.2I6)f. section 2.5. sentation (method 2b of Figure 1, cf. section 2.3.216f. section 2.5.
Mean and SD over 50 repetitions (5 time 10-fold cross-validation). Mean and SD over 10 repetitions (10-fold cross-validation).

class (approximately half of the total number of all known slightly, while the averaged recall obtained with SOM
active structures, cf. Table 1). novelty increases. Thus, the gap between the two methods
3.1. Training Set SelectionThe utilization of the Taylor is lower than suggested solely by Table 2. In the case of
Butina clustering algorithm for selecting the training set gives UPA inhibitors the advantage of the similarity search is much
the best results when a similarity search with Daylight less pronounced in the cross-validated results. For the other
fingerprints and subsequent data fusion is carried out. Thisactivity classes similar performances as in Table 2 are
tendency is most obvious for the AChE and uPA classes, observed. The results obtained with multiple structure
while in the COX-2 case the results with a clustering based representations and Mahalanobis distance in the output space
splitting are the worst. The semirandom selection offers (not included in Table 2) are in general lower than those
significant improvements only in the COX-2 case, while the obtained with concatenated autocorrelation vectors. The
random selection is comparable with the clustering for PDE deviation of the SOM output from the expectgtdistribu-
4 and thrombin. The SOM novelty detection was not much tion, as shown in section 2.3.2.b, might be the reason for
affected by the choice of training set. This hints that the this behavior.

compounds in the selected activity classes are relatively Table 4 shows the recall values considering the top-ranked
evenly distributed among the chemical space, defined by the1000 structures obtained with a 10-fold cross-validation-like
autocorrelation vectors, thus any subset is able to retrieve aexperiment, based on leaving out complete clusters.
similar number of actives. Due to the fact that quantitative
activity information is not always available, or there may re
not be enough activity spread in the actives set, the
semirandom split may not always be applied. Except for the
COX-2 case, it did not lead to significant improvements. A
Taylor—Butina clustering is generally acceptédas the

The first thing to note from Table 4 is that the obtained
call values are-210 times lower compared to the values
in Tables 2 and 3. Another observation is that the SOM
novelty detection performed better for all activity classes.
The decrease in the performance for the similarity search is

. : . ; hardly surprising. As the name implies, this methods relies
clustering method of choice for the selection of an optimal y surp 9 P

di t of d d v be int ted int mainly on similarities between the structure in the training
IVErse Set of compounds and can €aslly be integrated IN0g ot 4nq those in the screened database. By excluding whole
the virtual screening process. However, as can be seen fro

Table 2 d bl I with rand lecti Mtlusters an artificial situation in which a complete group of
able 2, oné can do reasonably well with random selection, highly self-similar compounds is not presented at all in the

provided that the selected training set is large enough. I:Ortraining set is created. This has led to a more than a 10-fold

splits that preserve only a minor part for training, the loss of performance in the case of thrombin inhibitors (recall

clustering method is preferred over random splitting. For ;
. . P of 41.7, cf. Table 2, against 3.8, cf. Table 4). The SOM
example, using only 20% of the available COX-2 inhibitors novelty detection with topological autocorrelation was af-

as a training set, a recall (at rank 1000) of 38% and 57% fected less, leading only to a 2-fold loss of performance on

was _obtamed W't.h randpm and clugterlng based splits, us'ngaverage. This observation confirms that by using topological
Daylight f|.ngerpr|nts with data f.u5|on. o autocorrelation vectors weighted by physicochemical proper-

The split bas_ed on TaylefButma clustering is used for  {jeg additional aspects of the similarity between the structures
the rest of this work since this method decreases the are covered. Thus, while complete clusters of structurally
variability due to different randomly selected training sets gg|f-similar molecules were not present in the training set,
and guarantees an even distribution of the compounds in thegetween 20 and 70% of these excluded structures were

training set through the activity space. retrieved. However, ultimately most machine learning meth-
3.2. Validation. Table 3 shows the recall values consider- ods depend on at least some similarities between the

ing the top-ranked 1000 structures obtained with 5 times 10- structures in the training and in the test set. Thus, the results
fold cross-validation-like experiment based on random presented in Table 4 have to be read as a pessimistic measure
splitting. of the performance since large groups of self-similar

Values similar to those reported in Table 2 were observed. compounds were intentionally not represented in the training
The performance of the similarity search method decreasesset.
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Figure 7. Venn diagrams of the intersection between the 1000 top ranked compounds retrieved by similarity search with subsequent data
fusion and Daylight fingerprints (method 1 of Figure 1) and SOM novelty detection with concatenated autocorrelation vector (method 2a
of Figure 1). The number of actives in the intersection and in the unique part of the lists is given in parentheses. Inside each circle the
numbers on top add up to the rank value of 1000, and the numbers in parentheses add up to the values given in Table 2.

Finally, the very high standard deviations shown in Table properties of the compound, while the polarizability descrip-
4 deserve a note. A closer expectation of the performancetors are related to size and hydrophobic effects. The
in the individual runs has shown that the main source of electronegativity values take into account the hydrogen-
these high standard deviations is the same for all activity bonding properties of the compound. Although all these are
classes. The run in which the largest homogeneous clusterrather crude descriptions of the underlying effects, based on
was omitted from the training set always resulted in low the connectivity matrix alone, they provide a good basis for
recall values, thus creating a high variability in the ten runs. this type of virtual screening experiments in which no
This observation once again demonstrates the dependencyuantitative structureactivity correlations are made. There-
of the both studied methods on at least some structuralfore, the different autocorrelation vectors are expected to
similarity between the structures in the training and in the recover different sets of actives, which explains the signifi-
test set. cant improvement when the concatenated vector is used. This
We conclude this section noting that in a cross-validation- 44-dimensional concatenated autocorrelation vector has an
like experiment based on random splitting the obtained recall approximately 23 times lower dimensionality than the 1024-
values shown in Table 3 match closely those in Table 2. bit Daylight fingerprints. This, together with the smaller size
Thus, the expected performance of the methods presenteaf the SOM, offers a significant run time improvement. Thus,
in this study is somewhere around the recall values in Table for the thrombin subset, which is the largest one used in
3. On the other hand, the lower-bound of the performance this study, the fingerprints based method runs in ap-
is shown in Table 4. The novelty detection with autocorre- proximately 130 s, while projecting the whole test set onto
lation vectors is expected to give better results in cases wherea single network is twice as fast, approximately 65 s. This
compounds structurally dissimilar from those in the training advantage is compensated for by the fact that the recall is
set are to be retrieved. hardly related to any of the SOM quality measures, which
3.3. Method Comparison.Comparing the recall values leads to the requirement of using several networks as a better
obtained with the different methods (using clustering based description of the “active” space.
split) shows that the SOM novelty technique performs better 3.4. Methods Complimentary Looking at the recall
or comparable to the Daylight fingerprints when the con- values in Table 2 one can see that neither of the methods
catenated autocorrelation vectors are used to describe thavas able to recover the full set of known actives. This
structures. The SOM based novelty detection performs betterobservation leads us to investigate how different are the
for COX-2 and thrombin and comparable for the AChE, ranked lists, obtained by the two methods. Figure 7 shows
while for the PDE 4 and uPA sets, the fingerprint based Vennf® diagrams of the intersection between the fingerprints
method gives better results. When an autocorrelation vector,based similarity search (method 1 of Figure 1) and SOM
weighted by a single property is used, the results are novelty detection with concatenated autocorrelation vectors
generally of lower quality. However, taking into account the (method 2a of Figure 1).
much lower dimensionality (11 compared to 1024), the fact  3.4.1. IntersectionThere is a clear difference between the
that the SOM novelty detection is capable in most of the two sets of recovered compounds, the highest intersection
cases to recover around 50% of the actives that are recoveredh the case of the thrombin subset being equal to 40% of the
with fingerprints is remarkable. total ranked list size. As expected, the majority of the
Using different physicochemical properties enables one recovered actives are found in the intersection. A look at
to describe different aspects of the active set. Thus, while Figure 7 reveals that the intersection between the ranked lists
the identity accounts strictly for structural similarity, i.e., it obtained with the two methods (the area shared by both
is equivalent to a histogram of the bond distances in a circles) is highly enriched in active structures. The percentage
molecule, the partial charge accounts for the electrostatic of active structures among these compounds found in the
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Table 5. Percent Active Compounds and Enrichment Factors Table 6. Percent Active Compounds and Enrichment Factors
Obtained When Only the Compounds Found in the Intersection Obtained When the Compounds Found in the Union between the
between the Ranked Lists Returned by Similarity Search with Data Ranked Lists Returned by Similarity Search with Data Fusion
Fusion (Method 1 in Figure 1) and SOM Novelty Detection with (Method 1 in Figure 1) and SOM Novelty Detection with
Concatenated Autocorrelation Vectors (Method 2a in Figure 1) Are  Concatenated Autocorrelation Vectors (Method 2a in Figure 1) Are
Considerebi Consideretl
actives actives

intersection recovered by union recovered by
activity compds active % actives enrichment SSDF somNDs activity compds active % actives enrichment SSDF somNDs
AChE 269 151 56 268 86 126 AChE 1731 245 14 68 238 205
COX-2 313 246 79 213 166 204 COX-2 1687 407 24 65 366 378
PDE 4 292 164 56 333 159 135 PDE 4 1708 222 13 77 220 186
thrombin 406 294 72 93 238 276 thrombin 1594 706 44 57 571 672
uPA 179 a7 26 357 44 39 uPA 1821 89 5 66 88 64

aNumber of active compounds recovered by the corresponding 2 Number of active compounds recovered by the corresponding
method considering the top-ranked compounds inside a list with the method considering the top-ranked compounds inside a list with the
same length as the intersection (column®2Jhe number of actives same length as the union (column 2\ he number of actives recovered
recovered in a ranked list of the same length (cf. column two) by each in a ranked list of the same length (cf. column two) by each method
method alone is shown as well. alone is shown as well.

intersection of the two lists as well as the corresponding into account, it is still dependent on the underlying chemical
enrichment factors are summarized in Table 5. From the structure. Therefore, it is unrealistic to expect the discovery
values presented in Table 5 it is clear that starting with two of completely new active chemotypes.

ranked lists returned by each of the methods (each list  Neyertheless, we were interested in the difference in terms
containing 1000 structures) by taking their intersection a very ¢ chemotypes between the structures obtained with SOM

short list which is highly enriched in active structures can gy e|ty detection and with similarity search with subsequent
be obtained. In addition, the list obtained by considering the yata fusion. To achieve this we performed a graph-based
intersection contains from 3 to 75% more active structures ¢.4¢01d analysis with the help of MegiSufte.

than the ranked lists of the same size obtained with each of o . o
the methods alone. MeqiSuite calculates 66 different graph-based indices.

3.4.2. Union.Each of the methods, however, is capable Detailed description of the_se .indices ar)d the software itself
of recovering structures, which the other method has missed.c&" be found on the_ MeqiSuite .Web site (‘http:// WWW.pan-
Thus, by concatenating the unique compounds in the lists ananugget.qom) and n th? technical report *An _Introductlon
new list is obtained, which is, of course, longer but still more t© the MeqiSuite Indices*” In our work, we considered the
enriched than the corresponding individual lists of the same ©rd€ring indexCyclicSystemOrdThis is a composite hier-
length. Considering the thrombin subset, by summing up the archical index meant to faC|I.|tate the brpwsm_g of diverse
numbers on top in both circles (594 406+ 594) the size  compound collections. THeyclicSystemOrihdex is formed
of the combined ranked list1594—is obtained. The number  PY the concatenation of 11 other MegiSuite indices. The
of known actives recovered in this combined rankecHist ~concatenation is done in a way which groups the similar ring
706~is obtained by summing up the numbers in parenthesesSYStems together. All compounds which do not contain a
(266+ 294+ 146). To compare the result of the above union cyclic System are grouped together as \_/vell. However, almost
to the results obtained by each of the methods alone, a ranked!! Of the active compounds used in this study have at least
list of the same size 1594—was obtained with each method. ©N€ cycle thus this particular index was considered. For all
The number of recovered actives in these lists (not shown €/asses of active compounds a comparison between the
in Figure 7) was 571 and 672 for the similarity search with Unique active structures recovered by each method (the
Daylight fingerprints and SOM novelty detection with nymbers in parentheses in the left- and right-hand circles in
concatenated autocorrelation vector, respectively. Thus, aFigure 7) was performed. These compounds were also
union of the two lists at rank 1000 gives a list, which is compared to the training set. An outline of the scaffold
more enriched with actives. The same holds true for the other@nalysis procedure is presented in Figure 8 with AChE
four sets as summarized in Table 6. Even when the Nhibitors as an example, and the results for all five activity
fingerprints similarity search seems to recover almost all ¢lasses are summarized in Table 7.
actives, as in the case with the PDE 4 subset where the recall 3.5.1. AChE InhibitorsA look at the third column of Table
is 94% (cf. Table 2, clustering split) the SOM novelty 7 shows that there were 37 AChE inhibitors recovered only
recovers 6 of the 13 (6%, cf. Table 2) missed actives. by SOM novelty detection and 57 recovered only by

3.5. Scaffold Analysis.Ultimately, one of the highly  similarity search (these are the same figures as given in
desired properties of any virtual screening method is the parentheses in Figure 7a). T@gclicSystemOr#lequSuite
ability to recover new active scaffolds. We want to remind index distinguished 28 different chemotypes for SOM novelty
that the term “novelty” as used throughout this text does and 41 for the similarity searetthe fourth column in Table
not refer to the discovery of novel classes of active 7. Eight chemotypes were shared by both sets of recovered
compounds. The SOM novelty detection like any machine- structures thus leaving 20 unique chemotypes recovered by
learning method relies on some commonalities between theSOM novelty detection alone and 33 unique chemotypes
active compounds. While the autocorrelation descriptor recovered by similarity search alorthe fifth column in
attempts to take the chemistry as well as structural featuresTable 7.
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Figure 8. Outline of the scaffold analysis workflow with AChE inhibitors as an example. Using the training set a virtual screening model

is developed, and the whole WOMBAT database plus the test set is screened. The top-ranked 1000 structures are considered. Among them
the active structures, recovered exclusively by each method, are subject to scaffold analysis by mea@gaitBystemOrdiequSuite

index. A comparison between the active chemotypes recovered by each method and between the recovered chemotypes and the chemotype:
contained in the training set is made. The results for all activity classes are summarized in Table 7.

Table 7. Number of Chemotypes among the Active Compounds Another interesting question was whether the methods
Recovered Exclusively by One of the Two Methbds recover chemotypes not present in the set of query structures.
chemotypes As can be seen from the sixth column in Table 7, the
unique notin  notin CyclicSystemOrdeqiSuite index distinguished 11 chemo-
activity active train  train set, types among the 37 AChE inhibitors recovered exclusively
class  method compd$ total unique set UnSkCye by SOM novelty which were not present in the training set.
AChE  somND§ 37 28 20 11 3 The number of chemotypes not present in the training set
Cox.2 ign'?'F\l"Ds 5;5 4517 328 2;_’6 66 was 20 for the set of 57 AChE inhibitors recovered
SSDF 66 35 26 10 > exclusively by similarity search. These numbers suggest that
PDE4  somNDs 6 6 6 4 2 both methods were able to recover scaffolds not present in
SSDF 52 38 38 24 12 the training set. A careful examination of the corresponding
thrombin  somNDs 266 157 134 64 18 structures revealed that although they do have ring systems
UPA ic?n?l'\:le 143 115 83 429 310 absent fro'rr.] the trainiqg set the differences.are. mainly due
SSDFE 33 19 18 6 3 to the position of certain heteroatoms. Considering only the

unextended cyclic-system skeleton indénxSkCyc***Mgn—
aUnique active structures recovered by each method (tzbe numbersyhich does not distinguish between atom and bond types,
in parentheses in the left- and right-hand circles in Figure The ; s
UnSkCyc****Mqn index ignores atom and bond types and considers the number of chemotypes not present in the trammg .Set
the unextended cyclic systemiSOM novelty detection with concat- ~ decreased to 3 for the SOM novelty and to 6 for the similarity
enated autocorrelation vectors (method 2a in Figure! $)milarity search-the seventh column in Table 7. This shows that some
search with Daylight fingerprints and subsequent data fusion (method structural similarities between the recovered compounds, and

1 in Figure 1).© Cf. Figure 8. The MeqiSuit€yclycSystemOrihdex the set of known actives used as training set do exist.
was used for the identification of chemotypes with the exception of ] o o
the last column. However, as already mentioned it is unrealistic to expect

the recovery of completely new classes of active compounds
Five from the 20 unique chemotypes recovered by SOM based on a general structural descriptor. In the case of
novelty detection are depicted in Chart 1a, while Chart 1b similarity search with binary fingerprints such new classes
shows five from the chemotypes, recovered by similarity are not recoverable since by definition they are dissimilar
search alone. As can be seen from Chart 1 the SOM noveltyto the training set. For the SOM novelty with autocorrelation
detection was able to recover chemotypes missed by thevectors such compounds will be typically predicted as
similarity search and vice versa. inactive (novel) since they may lie outside the space covered
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Chart 1. AChE Inhibitors lllustrating Some of the Chemotypes
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a As perceived by th€yclicSystemOrdegiSuite index and recovered (a) exclusively by SOM novelty detection (method 2a in Figure 1) and
(b) exclusively by similarity search with subsequent data fusion (method 1 in Figure 1).

by the training set. From this perspective the recovery of novelty detection. Five compounds representing some of the
chemotypes not present in the training set is remarkable. chemotypes recovered only by similarity search are shown
3.5.2. COX-2 InhibitorsChart 2a illustrates five of the in Chart 3b.
57 chemotypes unique to SOM novelty. Chart 2b shows five A getailed description of the MegiSuite indices lies out
of the 36 chemotypes unique to similarity search. of the scope of this article. However, in the following we
The same analysis as for the AChE inhibitors was ,.qide 4 short discussion centered on the compounds shown
performed on the 95 compounds recovered exclusively by iy chart 3a which should facilitate the understanding of this
SOM novelty det_ecnon ar!d on the 66 CO_X'Z inhibitors section. As already mentioned all six compounds in Chart
recovered exclusively by similarity search with subsequent 3a are perceived as representing different chemotypes
data fusion. The corresponding numbers for the different according to the composi@yclicSystemOrihdex—a result,

chemotypes are shown in the COX-2 row in Table 7. Similar _ .~ " e O :
) . o which is hardly surprising having in mind the structures
observation as in the case of AChE inhibitors can be made'shown. Two structures can have the same value for this

However, considering that the COX-2 training set was the o X
) . ; . ..~ composite index only when they have the same cyclic
less diverse one in terms of unique chemotypes in the training ) .

. “system. TheCyclicSystemOrdndex accounts for the atom
set (on average 3 structures per chemotype as determine and bond types as well, thus it creates a relatively large
by the CyclicSystemOrd/eqiSuite index) the recovery of yp ' S : y 1arg
some additional ones deserve a note. number of different chemotypes, i.e., it has high resolution.

3.5.3. PDE 4 Inhibitors.In this particular case, the On the other hand, although structuteand 2 in Chart
similarity search with data fusion recovered almost all known 3a are by any means different chemical entitiesucturel
actives among the top-ranked 1000 compounds. Thus, it wasbeing a xanthine sulfonamide and structuzebeing a
interesting to examine if the six PDE inhibitors recovered pyrazolopyrimidine-2,4-dione sulfonamid¢here is high
exclusively by SOM novelty detection contain different similarity in their skeletons. To achieve a broader grouping,
chemotypes than the rest. As can be seen from Table 7,a MeqiSuite index with lower resolution should be used. The
column five inside the PDE 4 row, this was indeed the case. composite indices like th€yclicSystemOrdised here are
Four of the chemotypes recovered by SOM novelty were formed by concatenating some of the other MeqiSuite indices
not present in the PDE 4 training set as well. Chart 3a shows(When a hierarchical ordering is needed, additional care has
all six PDE 4 inhibitors recovered exclusively by SOM to be taken to follow the corresponding relationship between
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Chart 2. COX-2 Inhibitors lllustrating Some of the Chemotypes detector, while structure3 and6 from Chart 3a have been
F Q perceived as chemotypes missing from the training set even
O -5 when theUnSkCyc***Mgnindex was used.
3.5.4. Thrombin InhibitorsFive examples for unique
| N\YN o chemotypes discovered by SOM novelty and by similarity
oo AW /@/O N search with subsequent data fusion are shown at Chart 4a,b.
O F o\ Similar observations for the AChE, COX-2, and PDE 4
M 0=8=0 K@ classes can be drawn. The SOM novelty detection has
recovered more actives in the top ranked 1000 structures.
\/\ This has resulted in a higher number of uniqgue chemotypes
P N as can be seen from Table 7. Compared to the similarity
\WWLN search with Daylight fingerprints 134 additional chemotypes
were recovered by SOM novelty detection.
i S,y—s\ Q 3.5.5. uPA InhibitorsSix uPa inhibitors representing the
N-N a six unique chemotypes (cf. Table 7, column five) discovered
by SOM novelty alone are depicted in Chart 5a. Five

/l% 0 structures representing five of the 18 chemotypes discovered
H 0o jj\ by similarity search alone are shown in Chart 5b.
s N"°N O o As in the case of PDE 4 inhibitors, although the similarity
o% search recovered almost all known actives, the SOM novelty
N
-8
[oNe]

detection was able to recover additional chemotypes. As can
be seen from Chart 5 almost all of the structures shown have
a terminal amino or amidine group. This is an example when

O:,‘s/ Pl " F the use of the side chain and functional groups MeqiSuite
© O Q F F?’(‘ ) indices may be more informative in distinguishing different
Nl \ chemotypes with regards to uPA inhibitory activity.
A ©

Based on the above discussion it is clear that the SOM
novelty detection method with a 44-dimensional concatenated
0=8=0 autocorrelation vector has recovered a significant amount of
_ . N b chemotypes which were missed by the similarity search with
reca £/ng§r(cae)l\/:fclL?syivgllf%;cgcgl\);lsfgg{Sl\ﬂdi?éiﬁgﬁ ('S]‘i‘;-‘;“o é"r‘zda . Daylight fingerprints. Thus, it is a useful tool for retrieving
Figure 1) and (b) exclusively by similarity search with subsequent data chemotypes which Ot,he,rvw,se would ha\,/e been, mlss,ed' On
fusion (method 1 in Figure 1). the other hand, the similarity search with Daylight finger-
prints has recovered chemotypes missed by the SOM novelty
the individual indices; the reader is referred to ref 47 for detection. Therefore, as already discussed in section 3.4, the
details.). two methods are not by any means orthogonal to each other,
Deleting the individual indices from which such a hier- and they compliment each other pretty well.
archical index is built from right to left leads to a decrease  3.6. Rejection RatesUntil now a comparison between
in the resolution and subsequently larger groups of com- the ranked lists obtained with both methods was made. While
pounds are perceived as belonging to the same chemotypethis is the only kind of results available from a nearest-
This is exemplified in column seven in Table 7. To obtain neighbor based similarity search, novelty detection has the
the numbers shown in column seven six indices were additional capability of immediately classifying as inactive
repeatedly deleted from th@yclicSystemOréhdex starting those structures that are outside the space covered by the
with the right-most one. In this manner the resolution was training set. This one-class classifier offers the advantage
effectively determined by theInSkCyc***Mgnindex. The of directly rejecting a significant number of patterns without
UnSkCyc***Mgnindex provides a description of the unex- the need of a numerical threshold that always carries some
tended cyclic-system skeleton. It treats all atoms as carbondegree of randomness with it. It is commonly accefftéd
and all bonds as single. The index is “unextended” becausethat a Tanimoto coefficient greater than 0.85, when using
the bridging atomslike the ether bridge in compountlin binary fingerprints, yields similar compounds. Often, in
Chart 3a—are not taken into account. It should be apparent designing targeted libraries, only one from such pairs of
now that based obInSkCyc***Mgnindex structured and compounds is kept. The validity of this threshold, however,
2 from Chart 3a are perceived as identical. Of course, one has been subject to criticis?By utilizing novelty detection
can argue that structurdsand 2 still differ in their side techniques, no artificial threshold is needed since compounds
chains. While this is certainly true and the MeqiSuite does that are sufficiently far from the chemical space defined by
provide the corresponding side chains and functional group the training set will automatically be classified as novel, i.e.,
indices, we will limit the discussion only to the cyclic probably inactive. Figure 9 shows the percent of the
skeleton since, as can be seen from all charts shown, thecompounds from the whole WOMBAT data set, which were
cyclic skeleton can be seen as the main building block for immediately classified as inactive when using SOM novelty
all classes of active compounds. detection with concatenated autocorrelation vector.
We conclude this section noting that the chemotypes of The SOM ensemble trained on the PDE 4 training set
structure=2, 3, 5, and6 were not found in the complete set classified 75% of the remaining WOMBAT structures as
of known actives which were used to build the novelty inactive. Thus, 101 791 compounds were directly classified
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Chart 3. PDE 4 Inhibitors lllustrating Some of the Chemotypes

b

a As perceived by th€yclicSystemOrd/egiSuite index and recovered (a) exclusively by SOM novelty detection (method 2a in Figure 1) and
(b) exclusively by similarity search with subsequent data fusion (method 1 in Figure 1).

as unlikely to be PDE 4 inhibitors. The smallest number of the bars and the percent of actives contained in the ranked
compounds directly perceived as inactive was obtained for lists of the given size by the three methods discussed so far.
the uPA subclass, which partially explains the lower recall A threshold, equal tg?(¢=0.99, 4), which gives a value
values produced by the SOM novelty detection (cf. Table that encapsulates 99% of the data in the active cluster was
2). The number of structures immediately perceived as used.
inactive can be explained well when the structure of the The number of accepted structures is very low with any
corresponding enzyme is considered. Thus, for the enzymef the active subsets, in the extreme case of uPA only 39
with a well-defined binding pocket, which can accommodate structures of the original 135 877 were classified as belonging
somehow typical substrate€0OX-2, PDE 4, and thrombin to the active space. The percentage of the actives inside the
the number of structures immediately perceived as inactive accepted structures is always more than 50%, thus the short
is high. On the other hand, AChE is known to be inhibited lists so obtained are highly enriched in activemrichment
by at least two different mechanisms. Here, the number of factors (ef) of 325 for AChE, 236 for COX-2, 489 for PDE4,
structures classified as inactive therefore decreases. In the92 for thrombin, and 732 for uPA. A comparison with the
extreme case of uPA, an enzyme with a large binding pocketsimilarity search with Daylight fingerprints and with the
which can accommodate ligands of different structural types SOM novelty detection with concatenated autocorrelation
only a small amount~22%) of the WOMBAT structures  vectors at these low ranks given on top of the bars in Figure
are immediately perceived as inactive. 10 favors SOM novelty detection with multiple structure
3.7. Multiple Structure Representations with Mahal- representations and Mahalanobis distance in the output space
anobis Distance An interesting observation is the fact that method as well. Such a tight description, however, may not
this method provides a very tight description of the “active” be desirable, since a significant number of actives were
space when applied to the five activity classes from Table wrongly rejected and declared as inactive, i.e., the method
1. This confirms that indeed the discussed (cf. section 2.3.2.b)exhibits a rather high false-negative rate. On the positive
deviation of the Mahalanobis distances distribution from the side, the high enrichment and the short lists produced may
%2 has led to a conservative threshold. Figure 10 shows thebe useful when a limited number of compounds have to be
number of accepted structures for each active subset oveitested, for example in a limited-resource research environ-
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Chart 4. Thrombin Inhibitors lllustrating Some of the Chemotypes
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a As perceived by th€yclicSystemOrdegiSuite index and recovered (a) exclusively by SOM novelty detection (method 2a in Figure 1) and
(b) exclusively by similarity search with subsequent data fusion (method 1 in Figure 1).

ment. In spite of the small number of accepted structures, identified by the algorithm are shown for both activity
these still contain some “false” positives (We put “false” in classes.

quotes since the majority of the structures have not been The “false” positives and the known actives shown in
tested against the target enzyme; therefore, we do notCharts 2 and 6 show a rather high degree of structural
factually know if these molecules are inactive.). A close similarity. Thus, it is not surprising that all structures from
examination of the lists revealed that most of the “false” Chart 6 have been actually tested against COX-2. However,
positives are actually inhibitors with a low activity (above all of them were found to possess activity below38 and

30 um) which were left out of consideration when building therefore were not considered in this study (cf. Materials
and testing the novelty detector (cf. Materials and Methods). and Methods).

Furthermore, they contained actives for the same target In the case of the thrombin subset, compourfdom the
enzyme but in different or unspecified species. The third and “false” positives shown in Chart 7 was found highly active
probably most interesting group contained inhibitors of other against bovine thrombin, while compourland9 have been
enzymes. It should be stressed that in general such “false”found inactive against human thrombin. Compoufdsd
positives are the main target of virtual screening since they 10 have not been tested against thrombin, according to the
are most likely to become the next lead. To illustrate the WOMBAT data set. Two conclusions follow from the above
above discussion Charts 6 and 7 show some of the “false” observation. First, the method is very good at recovering
positives, i.e., structures which were accepted by the SOM structurally similar compounds which appear promising in
novelty with multiple structure representations although they the eyes of a medicinal chemist. However, there is still a lot
are not marked as actives in WOMBAT, for the COX-2 and to be desired in distinguishing pure structural similarity from
thrombin activity classes. All “false” positive structures were the cause of a given biological activity. Although the
clustered using thek-medoids clustering method in R autocorrelation vectors were weighted by different physico-
environmer® with k = 5, and the five cluster centers as chemical properties, the topological nature of these descrip-
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Chart 5. uPA Inhibitors lllustrating Some of the Chemotypes
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a As perceived by th€yclicSystemOrd/eqiSuite index and recovered (a) exclusively by SOM novelty detection (method 2a in Figure 1) and
(b) exclusively by similarity search with subsequent data fusion (method 1 in Figure 1).

Chart 6. COX-2 “False” Positives (Cluster Centers) as Identified by SOM Novelty Detection with Multiple Structure Represéhtations

aMethod 2b of Figure 1.

tors together with their low dimensionality limits the parison with the other two methods at different ranks can
approach. Thus, other chemical descriptor sets or betterbe done.

definitions of the active space may prove useful. The 3.8. Comparison at Different Ranks.Different virtual
proposed method shows promise as a fast and reliablescreening experiments may target a different number of
alternative-especially when a short list of putative actives potentially active compounds for a subsequent biological

is sought or as a complimentary method to the similarity assay. Thus, rather than working at fixed rank, Table 8 shows
search with Daylight fingerprints. The SOM novelty with

multiple structure representations method also allows the | @ somNDm @ SSDF B somNDs |
ranking of structures using, e.g., their Mahalanobis distance 10
to the training set. In this manner, structures that are nottoo 'y ] 139 57
distant from the training set could be considered. A com- g 8071 104 B T
> 70 A T fﬁ#
80 1 g 601 = BN
= 50 1 -] EEI R B
= 70 4 8 40 4 m *. m P
€ 60 g 301 BN R
> 20 - ﬁ ﬁ% Py
3 50 10 A g9
8 40 1 cox-2 PDE 4 Thrombin
% 30 1 activity class
§ 20 1 Figure 10. SOM novelty detection with multiple structure repre-
10 A sentations and Mahalanobis distance (somNDm, method 2b of
Figure 1) in the output space as a measure of novelty. The number

0 T T T T 1
AChE COX-2 PDE 4 Thrombin uPA

of structures predicted as active by somNDm is shown above the
o bars. The height of the bars gives the percent of active compounds

activity class among those predicted as active and among the ranked lists of the
Figure 9. Percent of compounds from the WOMBAT data set same size, obtained by the other two methods (SSDF, method 1 of
immediately classified as inactive by SOM novelty detection with Figure 1, and comNDs, method 2a of Figure 1). The value
concatenated autocorrelation vector (method 2a in Figure 1). ¥*(0=0.99, 4) was used as threshold.
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Chart 7. Thrombin “False” Positives (Cluster Centers) as Identified by SOM Novelty Detection with Multiple Structure Represéntations
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aMethod 2b of Figure 1.

Table 8. Enrichment Factors (ef), Obtained by the Three Methods  increasing the size of the ranked #isit rank 1000 it is
at Ranks 100 and 1000 outperformed in all cases except of the COX-2 class. Thus,

rank 100 rank 1000 SOM novelty detection with multiple structure representa-
screening  no. of no. of tions is preferable when a very small subset of lead
activity class method  actives ef actives  ef candidates is required.

AChE (284) SSDF 32 153 208 100 Comparing the SOM novelty detection method using a
somND$ 62 297 188 90 single concatenated autocorrelation vector with the similarity
COX-2 (500) Sggg\'FDm 6;4 32(1)1 12(1’2 7§5 search with Daylight fingerprints and subsequent data fusion,
SomNDs 75 204 341 93 the SO_M novelty det_ectlon performs better for CO)_(-2_ ar_1d

somNDm 93 253 355 96 thrombin classes, while for the PDE 4 and uPA the similarity

PDE 4 (229) SSDF 67 398 216 128  search was better. In the case of AChE activity class, the
somNDs 61 362 170 101  tendency of the SOM novelty detection methods to recover

thrombin (1053) Sggg,?m 735 46791 1230 95(?7 higher number of actives at low ranks can be clearly seen
somNDs 76 08 560 72 with the fingerprints method catching up at rank 800. The

somNDm 81 105 391 50 terms “better” and “worse” results are used for comparative
uPA (100) SSDF 24 326 80 109 purposes. However, these two methods are not mutually
:gmmgfn 52' i’gg gg ;g exclusive. As has already been shown in the sections 3.4,

cf. Figure 7, merging the ranked lists is a valuable way of
a Similarity search with Daylight fingerprints followed by data fusion ~ improving the virtual screening results. On the other kand
(method 1 of Figure 12 SOM novelty detection with concatenated as has been demonstrated in section 3.5, the SOM novelty
autocorrelation vector (method 2a of Figure 130M novelty detection  getection succeeded in discovering chemotypes, which are
with multiple autocorrelation vectors (method 2b of Figure 1). missed by the similarity search with data fusion and vice

versa.
the enrichment factors obtained by the three methods at ranks

100 and 1000, while Figure 11 compares the results of the 4. CONCLUSIONS
nearest-neighbor similarity search with Daylight fingerprints
and the two types of SOM novelty detection with topological ~ Two different methods for novelty detection with Self-
autocorrelation descriptors at different ranks. Organizing Maps were used for a retrospective ligand-based
Both SOM novelty detection methods exhibit similar virtual screening of the WOMBAT database. One method
performance in the case of COX-2, PDE 4, and uPA activity used a single structure representations and data fusion, while
classes, while the SOM novelty detection with concatenated another method used multiple representations in concert with
autocorrelation vectors is better in the other two cases, asa Mahalanobis distance measure. The structures were de-
can be seen from Figure 11. A look at Table 8 confirms the scribed by topological autocorrelation functions weighted by
observation (cf. Figure 10) that SOM novelty detection with atomic physicochemical properties. The results were com-
multiple structure representations gives highly enriched lists pared with a traditional similarity search method based on
at low ranks-it outperforms the other two methods in all Daylight fingerprints and subsequent data fusion. In addition,
cases at rank 100. However, its advantage is lost whendifferent methods for selecting an initial set of targets from
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Figure 11. Recall plots for the nearest-neighbor similarity search with Daylight fingerprints (method 1 of Figure 1, green), SOM novelty
detection with concatenated topological autocorrelation vectors (method 2a of Figure 1, blue), and SOM novelty detection based on multiple
structural descriptors and Mahalanobis distance in the output space (method 2b of Figure 1, red). Also the theoretical maximum (solid
black line) and the random expectation (dotted line) are shown.

a larger set were compared. Based on the presented results (4) Using a 44-dimensional autocorrelation vector and

we conclude the following: SOM novelty detection is twice as fast compared to the
(1) Both SOM novelty detection techniquewith single similarity search with Daylight fingerprints and data fusion

structure representation (method 2a of Figure 1) and with when a single network is used.

multiple structure representations (method 2b of Figure 1)

based on topological autocorrelation descriptors are usefu'structures can be obtained by considering the intersection

for ligand-based thgal screening. . between the ranked lists obtained by a combined application

(2) The Taylor-Butina clustering is the method of choice of SOM novelty detection with single structure representation
for a subset selection, especially when a small representative o ty : 9 pre
set of actives is needed and of similarity search with subsequent data fusion.

(3) Using a 44-dimensional autocorrelation vector and (6) The SOM novelty detection method with a 44-
SOM novelty detection gives better (COX-2, thrombin) or dimensional concatenated autocorrelation vector comple-
comparable results to the similarity search with Daylight ments the Daylight fingerprints based similarity search. Better
fingerprints and data fusion. enriched lists were obtained by merging these results.

(5) Small sets of compounds highly enriched in active
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(7) The SOM novelty detection method with a 44-

dimensional concatenated autocorrelation vector recovered
a significant amount of chemotypes which are missed by

the similarity search.
(8) The SOM novelty detection method with a 44-

J. Chem. Inf. Model., Vol. 47, No. 6, 2002061

(18) Bauknecht, H.; Zell, A.; Bayer, H.; Levi, P.; Wagener, M.; Sadowski,
J.; Gasteiger, J. Locating Biologically Active Compounds in Medium-
Sized Heterogeneous Data Sets by Topological Autocorrelation
Vectors: Dopamine and Benzodiazepine Agonists.Chem. Inf.
Model. 1996 36, 1205-1213.

(19) Zupan, J.; Gasteiger, Bleural Networks in Chemistry and Drug
Design Wiley-VCH: Weinheim, 1999.

dimensional concatenated autocorrelation vector is applicable(2g) vesanto, J. SOM-Based Data Visualization Methintsll. Data Anal.

as a library design tool for discarding a large number of
compounds which are unlikely to possess a given biological (21)

activity without the need of an artificial threshold.

1996 3, 111-126.

Zhang, S.; Ganesan, R.; Xistris, G. D. Self-Organising Neural Networks
for Automated Machinery Monitoring Systemiglech. Syst. Signal.

Pr. 1996 10, 517-532.

(9) Using multiple structure representations in concert with (22) Wong, M. L. D.; Jack, L. B.; Nandi, A. K. Modified Self-Organising

a Mahalanobis distance recovers between 34% and 93% of
the actives in the top 100 ranked structures. This correspond
to enrichment factors between 105 and 470. Thus, it is the
recommended method when a short list of lead candidates

is required.
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