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Abstract

We introduce a family of positive definite kernels specificaptimized for the manipulation of 3D structures
of molecules with kernel methods. The kernels are based erdmparison of the three-points pharmacophores
present in the 3D structures of molecules, a set of moledattures known to be particularly relevant for virtual
screening applications. We present a computationally dding exact implementation of these kernels, as well as
fast approximations related to the classical fingerpragen approaches. Experimental results suggest that this ne
approach outperforms state-of-the-art algorithms basede2D structure of molecules for the detection of inhitsito
of several drug targets.

1 Introduction

Virtual screening refers to the process of inferring biadagjproperties of moleculds silico, and plays an increas-
ingly important role at the early stages of the drug discpyepcess to select candidate molecules with promising
drug-likeness, including good toxicity and pharmacokizeproperties, as well as the potential to bind and inhibit a
target protein of interes[l(l). In this context, structamivity relationship (SAR) analysis is commonly used tddu
predictive models for the property of interest from a dgs@n of the molecules, using statistical procedures ttdbui
these models from the analysis of molecules with known pltime@).

It is widely accepted that several drug-like properties barefficiently deduced from the 2D structure of the
molecule, that is, the description of a molecule as a setarhatand their covalent bonds. For example, Lipinski's
“rule of five” remains a widely used standard for the predictof intestinal absorptiorl](3), and the prediction of
mutagenicity from 2D molecular fragments is an accurateesi&the-art approaciﬂ(4). In the case of target binding
prediction, however, the molecular mechanisms respanéisl the binding are known to depend on a precise 3D
complementarity between the drug and the target, from dugthsteric and electrostatic perspecti\lﬂs (5). For this
reason, there has been a long history of research on thepoaddf these interactions from the 3D representation of
molecules, that is, their spatial conformation in the 3Dcgpdf the 3D structure of the target is known, the strength
of the interaction can be directly evaluated by docking méghes, that quantify the complementarity of the molecule
to the target in terms of energﬂ (6). In the general case wiher8D structure of the target is unknown, however, the
docking approach is not possible anymore and the modeler nesisrt to creating a predictive model from available
data, typically a pool of molecules with known affinity to ttagget; this approach is usually referred to aslitpend-
basedapproach to virtual screening.

Most approaches to ligand-based virtual screening reqaoirepresent and compare 3D structures of molecules.
The comparison of 3D structures can for example rely on adtatignments in the 3D spacﬂ (7), or on the comparison
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Figure 1: The kernel trick: instead of looking for, e.g., aaating hyperplane directly in the input spaketraining
patterns (white and black disks) are mapped infeaure spacé+ through a functionp in which a hyperplane is
computed; this hyperplane might correspond to a compleasaiin the input space. Using a proper positive definite
kernelk when carrying out the computations to derive the separatpegrplane is equivalent to directly working with
the images of the training samples by some mappifrgm X to some feature spadé; the existence op : X — H

is guaranteed by](3).

of features extracted from the structurﬂs (8). Featuresdfcolar importance in this context are subsets of two to
four atoms together with their relative spatial organ@atialso callegpharmacophoresDiscovering pharmacophores
common to a set of known inhibitors to a drug target can be aepimvapproach to the screening of other candidate
molecules containing the pharmacophores, as well as a t@sttewards the understanding of the biological phe-
nomenon invoIved[Hﬂ.O). Alternatively, pharmacophorgdimprints, that is, bitstrings representing a molecule by
the pharmacophores it contains, has emerged as a potepyiaaah to apply statistical learning methods for SAR,
although sometimes with mixed resulgs|(L; .3; 13).

We focus in this paper on an extension of the fingerprint isgr&&ation of molecules for building SAR models
with support vector machines (SVM). SVM is an algorithm feaining a classification or regression rule from labeled
examples|(14t 15), that has recently been subject to mu@stigations for SAR applications in chemoinformatics
@; ; 18;/1P). Although SVM can be trained from a vector ibstting representation of molecules, they can also
take advantage of a mathematical trick to only rely on a nreaglisimilarity between molecules, known lesrnel
This trick, common to other algorithms called kernel meth@), was for example used im 18) to build SAR
models from a 2D fingerprint of molecules of virtually infimilength. Here we investigate the possibility to use this
trick in the context of 3D SAR modeling. We propose a measiirgiroilarity between 3D structures, which we
call thepharmacophore kerngbased on the comparison of pharmacophores present irrtivtuses. It satisfies the
mathematical properties required to be a valid kernel atiteitefore allows the use of SVM for model building. This
kernel bears some similarity with pharmacophore finget@proaches, although it produces more general models.
In fact, we show that a fast approximation of this kerneldobsn pharmacophore fingerprints, leads to significantly
lower performance on a benchmark dataset. We also show dhagpetitive performance can be obtained by a fast
fingerprint-based approximation using the Tanimoto cadefficas a valid kernel for SVMm.Q). The overall good
performance of the approach on this benchmark supportglésance as a potentially effective tool for 3D SAR
modeling.

This paper is organized as follows. A light introduction t&\s and kernel methods is provided in Sectiﬂn 2,
followed by the definition of the pharmacophore kernel (Emﬂ). The exact computation of this kernel is presented
in Section[h, followed by a discussion about the connectrtwben the pharmacophore kernel and recently intro-
duced graph kernels (Sectiﬂn 5) and the presentation ot af@soximation (Sectioﬂ 6). Experimental results on a
benchmark dataset for inhibitor prediction are then preskim Sectior||]7, followed by a short discussion.

2 Support vector machines

In this section we briefly review the basics of support veuIIachines@AfDrS). The interested reader is invited to
refer to (22{20{33) for further details. In its simplestifoSVM is an algorithm to learn a binary classification rule



from a set of labeled examples. More formally, suppose og&én a set of examples with a binary label attached to
each example, thatis, a s8t= {(x1,91), ..., (z¢, ye)} Where(z;,y;) € X x {—1,4+1}fori =1,...,¢. HereX is
an inner-product space (e.8?), equipped with inner product, -), that represents the space of data to be analyzed,
typically molecules represented bBydimensional fingerprints, and the labeld and—1 are meant to represent two
classes of objects, such as inhibitors or non-inhibitoms tafrget of interest. The purpose of SVM is to learn fiSra
classification functiorf : X — {—1, +1} that can be used to predict the class of new unlabeled examplef ().

In the case of SVM, the classification function is simply oé florm f(z) = sign((w, z) + b), where sigf-)
is the function returning the sigr;1 or —1, of its argument. Geometrically speaking, this means fhatitputs a
prediction for a pattern: depending upon which side of the hyperpldnex) + b = 0 it falls in. More precisely,
SVM learn a separating hyperplane frédfrdefined by a vectow that is a linear combination of the training vectors
w = Zle oz, forsomen; € R)i =1, ..., ¢, obtained by solving a linearly constrained quadratic fmwbmeant to
optimize a trade-off between finding a hyperplane that abliyrseparates all the points, while being as far as possible
from each point. The linear classifigrcan consequently be rewritten as

¢
f(z) =sign (Z a;{z;, x) + b) . (1)
i=1

However, when dealing with nonlinearly separable problesush as the one depicted on Figl]re 1 (left), the set
of linear classifiers may not be rich enough to provide a gdaskdication function, no matter what the values of the
parametersy € X andb € R are. The purpose of thieernel trick(@; ), is precisely to overcome this limitation
by applying a linear approach to the transformed ddte, ), . . ., ¢(x¢) rather than the original data, whepes an
embedding from the input space to thefeature spacé<, usually, but not necessarily, a high-dimensional space,
equipped with dot produgt, -)4,. Thus, according tc[kl), the separating functjowrites as

£
f(z) = sign <Z (), o@) + b) . @

The key ingredient in the kernel approach is to replace thepdaduct in7{ with a kernel, using the definition of
positive definite kernels.

Definition 1 (Positive definite kernel). Let X be a nonempty space. L&t : X x X — R be a symmetric function.
K is said to be a positive definite kernel if and only if, for@k N, for all x4, ..., z, € X, the square x ¢ matrix
K = (K(z;,2;))1<4,5<e IS positive semi-definite, that is, all its eigenvalues avamegative.

For a given setS, = {z1,...,2¢}, K is theGram matrixof K with respect toS,. A fundamental property of
positive definite kernels that underlies the kernel tricthis fact that each such kernel can be represented as an inner
product in some space. More precisely, it can be sh@n (28)ftm any positive definite kernel functidid, there
exists a space(, equipped with the inner produ¢t )4, and a mapping : X — H such that:

Vu,v € X K(u,v) = (¢(u), p(v))n - ®3)

The kernel trick consists in replacing all occurrenceg-pf4 in @) by a positive definite kerndk such that the
corresponding decision functigh for an input pattern, is given by:

¢
f(x) =sign (Z a; K(x;,x) + b) ) 4)

For SVM as well as for other kernel methods, the knowledgb@iGram matrix suffices to obtain the coefficients

For any given positive definite kernel, applying the kermigktturns out to be equivalent to transforming the
input patternsey, ..., x, into the corresponding vectorgz1),...,¢(z¢) € H and to look for hyperplanes i#,
as illustrated in Figurﬂ 1 (middle). The decision surfacenput spaceY’ corresponding to the selected separating
hyperplane irf{ might be quite complex (see Figlﬂe 1, right).

A noteworthy feature of support vector machines and moreigdly of kernel methodﬂis) is that, since ready-
to-use libraries to derive separating hyperplanes ardsadolaj the only requirement for them to be applied to a specifi
classification problem is to have at hand a proper kerneltfomto assess the similarity between patterns of the input
space considered. Henceforth, their use actually fit in theéwork of classification problems involving structured
data such as chemical compounds, provided some kerneldaries been derived. The rest of the paper is devoted
to the construction and analysis of such a kernel for 3D &ires of molecules.



Figure 2: Left: a 3-points pharmacophore made of one hydrdged acceptor (topmost sphere) and two aromatic
rings, with distanced;, d, andds between the features. Middle: the molecule of flavone. Righatch between
flavone and the pharmacophore.

3 The pharmacophore kernel

A pharmacophorés usually defined as a three-dimensional arrangementofsator groups of atoms - responsible for
the biological activity of a drug moleculﬂ%). The presentk focuses oithree-points pharmacophoresomposed
of three atoms whose arrangement therefore forms a tridnglee 3D space (FigurE 2). With a slight abuse we
refer as pharmacophore belowany possible configuration of three atoms or classes of atorasged as a triangle
and present in a molecule, representing therefquatativeconfiguration responsible for the biological property of
interest.

Throughout this paper we represent the 3D structure of aculd@s a set of points R3. These points correspond
to the 3D coordinates of the atoms of the molecule (for a gardyitrary basis of the 3D Euclidean space), and they
are labeled with some information related to the atoms. Mamaally, we define a molecule: as

m = {(z;,l;) ER*x L} _,

where| m | is the number of atoms that compose the moleculetddnotes the set of atom labels. The label is meant
to contain the relevant information to characterize a plaaophore based on atoms, such as the type of atom (C, N, O,
...) and its partial charge. The three-points pharmacagshoonsidered in this work correspond to triplets of digtinc
atoms of the molecules. The set of pharmacophores of thecnlele: can therefore be formally defined as:

P(m) = {(p1,p2,p3) € m®,p1 # pa # p3} -

More generally, the set of all possible pharmacophorestizally defined a® = (R3 X L‘)3, to ensure the inclusion
P(m) C P. We can now define a general family of kernels for moleculegbdan their pharmacophore content:

Definition 2. For any positive definite kernel for pharmacophoféps : P x P — R, we define a corresponding
pharmacophore kerndr any pair of molecules: andm/’ by :

K(mm):= > Y Kppp), ()

pEP(m) p’'€P(m’)
with the convention thak'(m, m’) = 0 if either P(m) or P(m') is empty.

The fact that the pharmacophore kernel definecﬂin (5) is & ysitive definite kernel on the set of molecules,
as soon ad{p is itself a valid positive definite kernel on the set of phacoyhores, is a classical result (see, e.g.,
@, Lemma 1)). The problem of constructing a pharmacopkereel for molecules therefore boils down to the
simpler problem of defining a kernel between pharmacophdretemically relevant measure of similarity between
pharmacophores should obviously quantify at least twoufest first, similar pharmacophores should be made of
similar atoms, and second, the atoms should have similativelpositions in the 3D space. It is therefore natural to
study kernels for pharmacophores that decompose as follows

Kp(p,p') = Ki(p,p') x Ks(p,p') , (6)

whereK is a kernel function assessing the similarity between iptets of basis atoms of the pharmacophores (their
so-calledntrinsic similarity), andKs is a kernel function introduced to quantify thefatial similarity.



We can furthermore investigate intrinsic and spatial kisrtieat factorize themselves as products of more basic
kernels between atoms and pairwise distances, respegctivgblets of atoms are indeed globally similar if the three
corresponding pairs of atoms are simultaneously similad, taiangles are similar if the lengths of their edges are
pairwise similar. For any pair of pharmacophoges= ((;,1:));—, 5 3 andp’ = ((27,1;));_ 5 3, this suggests to
define kernels as follows:

3
Ki(p,p') = [[Erea (1i,1)) 7
i=1
3
Ks(p,p') = HKDist (i — ziva I, 1| 2§ — iy 1) (8)

i=1

where|| . || denotes the Euclidean distance, the indica® taken modulo 3, andz..; andK p;4; are kernels functions
introduced to compare pairs of labels fraimand pairs of distances, respectively. It suffices now taéedfie kernels
Kreat ON L x L and Kp;s; on R x R in order to obtain, by[{5).[[6)[](7) and] (8), a pharmacophamél for
molecules. The first one compares the atom labels, whilegbersl compares the distances between atoms in the
pharmacophores. Intuitively they define the basic notidr&rilarity involved in the pharmacophore comparison,
which in turns defines the overall similarity between molesu

The kernel we use foK p;; is the Gaussian radial basis function (RBF) kernel, knowlmet@a safe default choice
for SVM working on real numbers or vect020):

T — 2
B2 () = (B ©

whereo > 0 is the bandwith parameter that will be optimized as part eftthining of the classifier (see Sect@ 7.2).
Concerning the kerndk .,; between labels, we investigate several choices. The lak&aging in principle to

a finite set of possible labels, e.g., the set of atom typds thitir charges@, C*, C—, N, ...), the followingDirac

kernelis a natural default choice to compare a pair of atom lahéls L :

1 ifi=U,

. (10)
0 otherwise.

bz -
Alternatively, it might be relevant for pharmacophore diifim to compare atoms not only on the basis of their
types and partial charges, but also in terms of other phgkEmical parameters such as their size, polarity and
electronegativity. Formally, a physicochemical paramtgean atom with label is a real numbeyf(!). In that case,
the Gaussian RBF kern(ﬂ (9) could be applied directly to trameter values to compare labels. A practical drawback
of this kernel, however, is that it never vanishes. This oefuan important computational burden compared to the
Dirac kernel (see Sectid]h 4). As a result, we prefer to usedlagedtriangular kernel

CWQIDL it £y - FAO < €

KTri l,l' _ 1
Fear(,1) {0 otherwise. ()

An important difference between the Gaussian RBF and tukamdernels lies in the fact that the triangular kernel
has a compact support, which means that it can be eqodbtadifferent atoms, resulting in important computational
gain. The parameter, to be optimized during the training phase of the algoritrepresents the range beyond which
the kernel vanishes.

Note finally that the Gaussian RBF (9), triangulpr (11), anch® (L) kernels are known to be positive definite
@), and it follows from the closure properties of the fanof kernel functions, that the kernel between pharma-
cophoresKp is valid for any choice of the kernels p;s; and K g, proposed above.

4 Kernel computation

We are now left with the task of computing the pharmacophered @) for a particular choice of feature and distance
kernelsK p.q; and K p;s;. In this section we provide a simple analytical formula fustcomputation.



For any pair of molecules: = {(z;,l;) e R3 x L}, _, andm = {(z}, ) eR*x L} _, let us

,,,,, 17 z 1,...,]m’|’
define a square matrix/ of sizen = |m| x |m/|, whose dlmenS|ons are indexed by the Cartesian p|ro<j|uata1nd
m’. In other words, to each indeéxe [1,n] corresponds a unique couple of indi¢es i) € [1,|m|] x [1, |m’|], and
to each dimension of the matriX corresponds a distinct pair of points taken from the mokesul andm’. Denoting
by 1 (.) the indicator function equal to one if its argument is truerpzotherwise, the entries 8f are defined by:

M[Zvj] = M[(ilviQ)a (jlaj?)]
= Kreat(liy;li,) X Kpist([l2i, — 5, ||, 125, — 2, 11) x 1 (i1 # j1) x 1 (ia # ja) - (12)

The value of the pharmacophore kernel betweeandm’ can now be deduced from the matfix by the following
result:

Proposition 1. The pharmacophore kerneﬂ (5) between a pair of moleculesdm’ is equal to:
K(m,m') = trace(M?) ,
whereM is the square matrix of dimensiom | x | m/| constructed fromn andm’ by (12).

Proof. Developing the matrix products involved in the expressibA® we get

tracg M®) = > Mli, j]M[j, k] M[k,i]
i,j,k=1
wheren = |m| x |m/| is the size ofdf. Using the fact that the indices &f ranges over the Cartesian product of the
set of indiced1, |m|] and[1, |m/|], we can rewrite this expression as :

|m| [m|

tracg M®) = ) > Ml(ir,da), (1, 42)IM[(j1, Ga), (K, k2)IM[(ky, ko), (i1, d2)]

i1,J1,k1=1142,j2,ka=1

Substituting with the definition of/ given in ), we obtain :

el |m’|
tracgM?) = ) Do L #A) 10 # k)L (ks # 1) x 1(ia # G2) 1 (jo # ko) 1 (ks # i2)
i1,J1,k1=112,j2,ka=1
X Kpeat (liy; 17,) ¥ Kpist (|lzg, — @i, ||, |12, — 27, 1])

X Kpeat (Ljys 1) X Kpist ([er, — 25, 1], |24, — 25,11)

XKFeat (lkl’lgfz) X KDiSt (||xi1 - xkl”? ||x12 - xkz”)
[m| |m/|
- Z Z 1(iy # i # k1) x 1 (ia # jo # ko)
i1,91,k1=1i2,j2,k2=1

X Kp (((‘ri17lil)’(‘Tj17lj1)7(xkl’lk?1))’(( 12’122) ( 427132) (x;cz’ ;(}2)))

|m| |

= Z Z Kp (((I'h?lil)?('rjl’ljl)7('rk1’lkl))? (( 127122) ( 327132) (x;czal;w)))
i1,J1,k1=1, i2,J2,k2=1,
i1#J17#k1  deFjeF k2

= > Y EKpprp)

pEP(m) p'€P(m’)
= K(m,m').

O

If we neglect the cost of the addition and product operatiansl letu be that of evaluating the basis kernels
Kreqr and K p;s;, the complexity of the kernel between pharmacophdfesis 6u. Since the cardinality of the set
of pharmacophor®(m) of the moleculen is |m/|?, the complexity of the direct computation of the pharmaaoph
kernel given in definitiof]2 ig|m| x |m/[)® x 6u. On the other hand, the computation given in Propos[fonaltigo
step process :



o first, initialization of the matrix\/ : each of the(|m| x |m/|)? entries is initialized by the product of a kernel
K reqr With a kernelK p; ¢, for a complexity of(|m| x |m’[)? x 2u

e second, computation of the tracef®, which has a complexity ofim/| x |m'|)?

The global complexity of the matrix-based computation efkernel is thereforém| x |m/|)? + (|m]| x |m/|)? x 2u,

or equivalently(|m| x |m/[)® x (1 + 2u/(|m| x |m’])). In comparison with the direct approach, the matrix-based
implementation proposed in Propositiﬂn 1 reduces the nuofligasis kernels(p;s; and Kz, to be computed and

is therefore more efficient.

In any case, the complexity of the pharmacophore kernel comtipn is therefore ((|m| X |m’|)3). Even for
relatively small molecules (of the order of 50 atoms), thimplexity becomes in practice a serious issue when the size
of the dataset increases to thousands or tens of thousamidexfules. However, we can note from the definition given
in ([[3), that the lines oM/ corresponding to pairs of points, /) € m and(z2’,1') € m’ for which K peqt(1,1') = 0
are filled with zeros. Based on this consideration, we olestvat the cost of computing the kernel can be reduced by
limiting the size of the matrixX/, according to the following proposition.

Proposition 2. If we let M5 be the reduced version of a square mattif, where the null lines and the corresponding
columns are removed, then trddéds) = trace(M3).

Proof. Letn; (resp.nz) be the size of\f; (resp.Ms), and define® (resp.N) as the subset of the set of indidésn |
that corresponds to the non-null (resp. null) lines\6f. By definition, we have

ni
tracgMy) = Y M}li,i]
i=1
ni

i,5,k=1

Moreover, ifi € N, thenM;[i,j] = 0 V5 € [1,n1]. As a consequence, the ted, [¢, ] M [j, k| M1 [k, 4] in the
summations ovet, j, andk in @) is zero as soon as at least one inglgxor & is in the setV. It follows that

trace M) > Myfi, j)My [, kI M [k, i)
i,5,kEP

na

> Myli, j1Malj, k]| Mk, i]
i,7,k=1

= trac€M>) .

O

Propositiorﬂz implies that the Cartesian productofandm’ involved in the matrix) defined in ) can be
restricted to the pairs of points for which the label kerfgl.,; is non-zero. In the case of the Dirac kerrEI (10) for
discrete labels, this boils down to introducing a dimensioV/ for any pair of atoms having the same label. This
result can have important consequences in practice. Ganfsidexample the case where the atoms of the molecules
m andm’ are uniformly distributed irk classes of atom labels. In this case, the size of the mafriis equal to
k (Im|/k x |m'|/k) = |m| x |m'|/k. The complexity of the kernel computation is theref6té(|m/| x |m'|/k)?) =
O ((1/E*)(Im| x |m/[)?). It is therefore reduced by a facté? in comparison with the original implementation.
More generally this shows that important gains in memory emdputation can be expected when the set of labels
is increased. Secti.3 discusses such a case in morks dgtan the partial charges of atoms are included or not
in the labels. This also justifies why the triangular ker)( with its compact support, can lead to much faster
implementations than the Gaussian RBF kerﬂel (9) whenegpdi the comparison of physicochemical properties of
atoms. Finally, in a similar way, the kern&lp;,; to compare distances can be set to a compactly supportedlkern
such as the triangular kernéﬂll). This has the effect @bithicing sparsity in the matriX/, allowing the kernel
computation to benefit from sparse matrix algorithms. Toissibility was not further explored in this work.



5 Relation with graph kernels

In this section we show that the pharmacophore kernel caeédre & an extension of the walk-count graph kernels
@) to the 3D representation of molecules. The walk-coumply kernel is based on the representation of a molecule
m as a labeled graplm = (V, &), defined by a set of verticag, a set of edge§ C V x V connecting pairs of
vertices, and a labeling functidn V U & — A, assigning a labél(x) in an alphabe# to any vertex or edge. In

the case of molecules, the set of verti¢esorresponds to the atoms of the molecule, and the edges gfdpé are
usually defined as the covalent bonds between the atoms ofidtecules [(38[ 21 18). In order to extend this 2D
representation to a graph structure capturing 3D inforonative propose to introduce an edge between any pair of
vertices of the graph. Molecules are therefore seen as edeypltom-based graphs. If we now define a walk of length
n as a succession af + 1 connected vertices, it is easy to see that there is a onad@arespondence between the
set of pharmacophoré@®(m) of a moleculen, and its set of self-returning walks of length-three, thataal| Ws(m).

We can therefore write the pharmacophore kerﬂel (5) as ahaskd graph kernel :

K(m,m)= Y > Kppp)= >, > Kwak(w,w'),

peEP(m) p’€P(m’) wEWs(m) w €Ws(m')

whereKyy ., (w,w') = Kp(p,p’) for the pair of walksw, w") corresponding to the pair of pharmacophdigey’).
More precisely, consider a pair of pharmacopheres ((zi,l;));,_; » 3 andp’ = ((23,1})),_, , 3, and a corresonding
pair of walksw = (w1, we, w3, w1) andw’ = (w}, wh, wh, w}). Thereis a direct equivalence betwdép andKyy o1

if we choose to label the vertices of the graphs by the atomid¢dbvolved in the pharmacophore characterization, and

to label the edges by the Euclidian distance between thesattogy connect. Indeed, in this case we can write :

3

Ep(p,p) = [IKrear (1) Kpise (25 — g [l |2 — 2 )
=1

3
= HKFeat (U(wi), U(w})) Kpise (1 ((wi wig1)) 1 ((wh, wigy)))
= Kwan(w,w')

A striking point of this kernel between walks is that it canfaetorized along the edges of the walks :

3
Kwar(w,w') = T[ Krear ((wi), 1(w})) Kpise (1 ((wi, wis1)) 1 ((w],w)i1)))
i=1

3
= H Kstep (wi, witrr), (wi, wi,,)) (14)

=1

The pharmacophore kernel therefore formulates as a walkebgraph kernel, with a walk kernel factorizing along
the edges of the walks. It follows frorﬂZl) that it can be caoiep by the formalism based on product-graphs and
powers of the adjacency matrix propose@ (28), if the aljag matrix of the product-graph is weighted by the walk-
step kerneld{g;cp (E). Consequently, the matriX defined in @2) and upon which is based the kernel computation
of Propositiorﬂl, can be seen as a weighted adjacency métadpooduct-graph defined on complete, atom-based,
molecular factor graphs.

6 Fast approximation

As an alternative to the costly computation presented irﬁ@eﬂ, we introduce in this section several fast approxima-
tions to the pharmacophore kernel based on a discretizatithe pharmacophore space.

Our definition of pharmacophores is based on the atoms 3Qlgwdes, but they can equivalently be characterized
by the pairwise distances between atoms. In order to defsteade pharmacophores, we restrict ourselves to discrete
sets of atom labels (e.g., the set of atom types), and weatisethe range of distances between atoms into a predefined
number of bins. Each distance is then mapped to the indexeddithit falls in, and a discrete pharmacophore is defined
by a triplet of atom labels together with a triplet of bin indg. More formally, if the distance range is discretized int



p bins, the set of discrete pharmacophoresis a finite set dedisi® = £2 x [1, p]®, whereL is the set of atom labels.
Consider the mapplngﬁ”t and¢3pt from the set of molecules to the set of discrete pharmac@stiar, defined for
the moleculen as :

o 4P (m) = (¢t,0(m)),c 1, Whereg, o (m) is the number of times the pharmacophoigfound in the molecule
m,

o ¢ (m) = (¢2,1(m)),c 1, Wheregy 1(m) equals 1 if the pharmacopharés found in the moleculer, and O
otherwise.

With these new definitions at hand we propose three discesteels,

Definition 3 (Three-points spectrum kernel). For a pair of molecules: andm/’, we define théhree-points spectrum

3pt
kernelKg, . as

K (m,m') = (¢ (m), ¢t (m)) = > dr.o(m)eo(m’) . (15)
te€Ts

Note that if we define the mapping: P — 73, such thati(p) is the discretized version of the pharmacophore
p € P, we can explicitly write the three-points spectrum kerrsehgarticular pharmacophore kerr@l (5):

K& (mm)= > > 1 d(p)) -

pEP(m) p’€P(m’)

This equation shows that this is a crude pharmacophore lkdrased on a kernel for pharmacophores that simply
checks if two given pharmacophores have identical diszadtiersions or not.

Definition 4 (Three-points binary kernel). For a pair of moleculesn andm/, we define théhree-points binary
kernel K37 as

K0 (m,m') = (637 (m), 37 (m")) = D~ 1 (m)épa (m) . (16)

teTs

Definition 5 (Three-points Tanimoto kernel). For a pair of molecules: andm’, we define théhree-points Tanimoto
kernel K2F' as

Tani 3t
KBZ')L'n (m7 m/)

K (m,m') = 3pt 3pt 3pt :
KBIZn(m7 m) + KBZ;n(mI7 m/) - KBIZn(m7 m/)

Tani

(17)

Note that the mapplng3pt( ) corresponds to a classigatarmacophore fingerprimepresentation of the molecule
m, where the bitstring is indexed by the pharmacophoreg ofAs a result, the three-points Tanimoto kernel is the
equivalent of the Tanimoto coefficient for pharmacophorgédiprints, and constitutes a standard pharmacophore-
based similarity measurE{ZEl 12). Note that the dinuevadity of the feature spaces associated to these kernels
corresponds to the cardinality @, which is by definitionnp)? for a label setC of cardinalityn andp distance bins.

Finally, we consider additional “two-points pharmacoporersions of the kerneld (15), (16) anld](17), based
on pairs, instead of triplets, of aton.(19) Lettifigbe the set of all possible two-points pharmacophores, ghat i
pairs of atom types together with the bin index of the edgenecting them, andg” (m) = (¢t,0(m)),c, and

(m) = (¢r.1(m)),.1, be the mappings of the molecute to 73, corresponding tay,"* (m) and ¢;”* (m), we
define the three following kernels.

Definition 6 (Two-points spectrum kernel). For a pair of moleculesn andm/’, we define théwo-points spectrum

2pt
kernelKg,,. . as:

K (m,m') = (g (m), 57 (m)) = Y dro(m)dro(m’) . (18)
teTs

Definition 7 (Two-points binary kernel). For a pair of moleculesn andm’, we define théwo-points binary kernel

2pt
Kz, as:

K3 (m,m') = (637 (m), 17 (m")) = D 1 (m)épa (m') . (19)

teTs



Definition 8 (Two-points Tanimoto kernel). For a pair of moleculesn andm’, we define théwo-points Tanimoto
kernelK2F" as:

Tani ot
Kigin(m, m’)

K, (m,m') = 2pi 2pt 2pt :
KBZ')Ln(m7 m) + KBZ;n(m/7 m/) - KBZ')Ln(m7 m/)

Tani

(20)

The following proposition justifies the use of these fashleds with SVM:
Proposition 3. The kernels[(15)[(16)[ (1 7)_(18),]19) ard](20) are positiefinite.

Proof. Kernels [1p), 6),@8),@9) are directly expressed aspdotiucts, and are consequently positive definite.
Kernels ) and|(20) follow the definition of the Tanimotarkel which is known to positive definitﬂlQ). O

The kernels@S),@ﬁ)m?ﬂmBlg) ar@(ZO) can be caepefficiently using an algorithm derived from that
used in the implementation of spectrum string ker (@& describe this algorithm in the case of the three-points
kernels[(1b),[(16) anmEIl?), its extension to the two-pdketmels [1B),[(19) and (P0) being straightfoward. Follayin
the notation of Sectiop] 5, we represent molecules by compédm-based labeled graphs, with the difference that the
set of atom label& defining the vertices labels is considered to be discretg, e atom types), and the edges are
now labeled by the bin index of the corresponding inter-atadistance. We consider the problem of computing the
Gram matrixk associated to such a set of molecular grafpfis = (VGi,EGi)}izl _, forthe kernels[(15)[(16) and
@). The alphabet, involved in the graph labeling functidrof sectiorﬂS, is defined ag = Ly U Lg, whereLy is
the set of vertices labels, corresponding to the set of aabyel$L, andL z is the set of edges labels, corresponding to
the set of distance bins indices.

The algorithm is based on the manipulation of sets of walk{gos within each graph, according to a tree transver-
sal process. If we let andp be the cardinalities of.y, and L respectively, we define a rooted, depth-four tree
structuring the space of pharmacophdrfeas follows :

e the root node has sons, corresponding to thepossible vertex labels

¢ the depth-one and depth-two nodes hawep sons, corresponding to thex p possible pairs of edge and vertex
labels

¢ the depth-three nodes hapesons, corresponding to thepossible edges labels, a leaf node being implicitly
associated the vertex label of its depth-one ancestor.

A path from the root to a leaf node therefore correspondstiplet of disctinct vertex labels, together with a triplét o
distinct edge labels. There is therefore a one-to-one sporedence between the leaf nodes and the pharmacophores
of 73. The principle of the algorithm is to recursively transwethis tree until each leaf node (i.e., each potential
pharmacophore) is visited. During this process, a set ok walnters is maintained within each molecule. The
pointers are recursively updated such that the pointedsaakrespond to the pharmacophores under construction in
the tree-transversal process. When reaching a leaf napothted walks correspond to the occurences of a particular
pharmacophorgin the molecules. The mappings,(G;) and¢, 1 (G;) can therefore be computed for the molecular
graphs{G,}i-1,... », and the kernel matrix can be updated.

A pseudo code of the algorithm is given in AlgorithfitdJL[]2, 8 o Algorithm[] is the main program in charge
of the tree-transveral process, and Algorit{inf 2, 3[dnd 4ualveoutines, introduced to initialize the walks pointers,
extend the pointed walks, and update the Gram matrix regphct This pseudo-code relies on the abstract types
PointerandLabel to represent the walk pointers involved in the algorithnd the generic vertices and edges labels,
belonging toLy and Ly respectively. Formally, ®ointer object consists of two graph verticesstart andcurrent
vertex, representing the first and the current vertices®pthinted walk being extended. To maintain walks pointers
within each molecule, we introduce a matrix of pointerkPointers = Pointer[][] : this matrix is initially empty,
and during the walk extension proces&lkPointers[i][j] corresponds to thgth pointer of the molecular graph;.

The stopping criterion of the recursion is controled by d@rger variablelepthcorresponding to the depth in the tree
during the transversal process. It is initialized to zerd arcremented at each recursive call. Wiapthis three,

a depth-three node was reached in the tree, which corresgiormmbinters on length-two walks in the graphs. In the
subsequent recursive stagepthis four, and the pointers are updated to ensure that the @edewalks correspond

to self-returning ones. A leaf node is then reached and thars®on terminates, leading to an update of the Gram
matrix. Note however that the recursion is aborted whentheeset of walk pointers becomes empty for all graphs,
since we only need to reach the leaf nodes correspondingtpttarmacophores truly present in the set of graphs.
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The Gram matrix is updated according to the spect (15;a,rbi) or Tanimotcjﬂ]) definition of the kernel, and
we introduce ar x n Gram matrixk, initialized to zero, together with a binary varialidernelTypehat can take the
values 'spectrum’, 'binary’ or 'Tanimoto’.

Computing the Gram matrik’ simply requires a call to the OMPUTEfunction of Algorithmﬂ with these initial-
ized data :COMPUTE(walkPointers, depth, K, kernelTypfyr a specifieckernelTypeand where the Pointer array
walk Pointers is empty,depth equals zero and the Gram matfixis filled with zeros. Note however that in the case
of the Tanimoto kernel type, this procedure computes the’ karnel that actually corresponds to the binary kernel

(L§). The matrixi must be further normalized according to definfibn 5, thatfisi][j] = % [i]JrII({[[ﬁ BLKM G-

The cost of this algorithm depends on the number of leaf nedgt®d, and is therefore bounded by the total
number of leaves of the tree, thatigp)? if the number of distinct vertex labelssisand the number of distance bins is
p. However, the maximum number of distinct pharmacophorasthn be found in the molecute is | |3, and we do
not need to exhaustively transverse the tree. This meahwthampute the kernel between the moleculeandm’,
at mostmin(|m/3, |m’|?) leaves, corresponding to the common pharmacophoresasfdm’, need to be visited. The
complexity of the algorithm is therefo® (min ((np)*, min (jm[3,|m’|*)))*. For small molecules, the cost of the
kernel will therefore depend on their number of atoms, witikgll depend on the size of the discrete pharmacophores
space for large molecules.

Note finally that although we omit the details, the previolgoeathm and complexity analysis hold for the two-
points versions of the kernels : the tree involved in the rgiga transversal process is smaller (a depth-two tred, wit
n?p leaf nodes), and the complexity is reducedt@min (n?p, min(|m|?, |m’|?))).

Algorithm 1 main program
COMPUTE(Pointer[][Jwalk Pointers,Integerdepth, Float[][] K, StringkernelType)
depth = depth + 1
if depth = 1then
for label € Ly do
walk Pointers = initPointers{abel)
compute{alk Pointers, depth)
end for
else
for label; € Ly do
for labely € L do
walk Pointers = extendPointers{alk Pointers, depth, labely, labels)
if iwalkPointers # [][] then
if depth = 4 then
updateGramgalk Pointers, K, kernelType)
else
compute{ualk Pointers, depth)
end if
end if
end for
end for
end if

7 Experiments

We now turn to the experimental section. The problem comsitleere consists in building predictive models to distin-
guishactivefrom inactivemolecules on several protein targets. This problem is aiyuiormulated as a supervised
binary classification problem that can be solved by SVM.

INote however that in the case of the Tanimoto ker@l (17)sétikernels have to be computed, and the worst case coryptéxhe algorithm
is O (min ((np)3, |m|® + |m/|3)).
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Algorithm 2 Sub-routine 1 : initialize walks pointers

INITPOINTERS(Labelabel)
walk Pointers = Pointer[][]
fori=1,...,ndo
for v € Vg, do
if [(v) = label then
walk Pointers|i].addPointer(start =, current =v)
end if
end for
end for
return walkPointers

Algorithm 3 Sub-routine 2 : extend walks pointers

EXTENDPOINTERS(Pointer[][lvalk Pointers;,, Integerdepth, Labellabel;, Labellabels)
walk Pointers,,; = Pointer[][]
fori=1,...,ndo
for ptr € walkPointers;y[i] do
for (ptr.current,v) € £, do
if [(v) = labely Al((ptr.current,v)) = labels then
if not(depth = 4 A v # ptr.start ) then
walk Pointers,y:[i].addPointer(start tr.start, current =v)
end if
end if
end for
end for
end for
return walkPointers

Algorithm 4 Sub-routine 3 : update Gram matrix

UPDATEGRAM(Pointer[|[Jwalk Pointers, Float [][] K, StringkernelType)
fori=1,...,ndo
forj=1,...,ndo
if walkPointers[i] # [] A walkPointers[j] # [] then
if kernelType = 'spectrum’then
update = walk Pointers[i].size() x walkPointers[j].size()
else
update = 1
end if
Ki)lj) = K[i[j] + update
if i # j then
K[jlli] = K[j][i + update
end if
end if
end for
end for
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TRAIN TEST
Pos | Neg | Pos| Neg
BZR 94 | 87 | 63 | 62
COX 87 | 91 | 61 | 64
DHFR | 84 | 149 | 42 | 118
ER 110| 156 | 70 | 110

Table 1: Basic informations about the datasets considered.

7.1 Datasets

We tested the pharmacophore kernel on several datasetiuseglcent SAR stud2). More precisely, we consid-
ered the following four publicly available dataséts

o theBZRdataset, a set of 405 ligands for the benzodiazepine regepto
e theCOXdataset, a set of 467 cyclooxygenase-2 inhibitors,

o theDHFR dataset, a set of 756 inhibitors of dihydrofolate redugtase
o theERdataset, a set of 1009 estrogen receptor ligands.

These datasets contain the 3D structures of the molecwolgsthter with a quantitative measure of their ability to
inhibit a biological mechanism. Datasets were filtered golid isito training and test sets according to a particuldada
preparation scheme detailed (32). Tdﬂ)le 1 gathers hasinmations about the datasets involved in the study.

7.2 Experimental setup

We investigated in this study a simple labeling scheme tarites each atom (hydrogen atoms were systemati-
cally removed), and therefore the potential pharmacoghotige label of an atom is composed of its type (e.g.,
C, O, N...) and the sign of its partial charge-(— or 0). Hence the set of labels can be expanded as

{C+, co.Cc—,0t,0%0,.. } The partial charges account for the contribution of eadmato the total charge

of the molecule, and were computed with the QuacPAC softadeveloped by OpenEye It is important to note that,
contrary to the physicochemical properties of atoms, alactiarges depend on the molecule and describe the spatial
distribution of charges. Although the partial charges katinuous values, we simply kept their signs for the latzgli

as basic indicators of charges in the description of phaoplaares. We caltategorical kernethe kernel resulting
from this labeling, where the kernel between lab&ls.,; is the Dirac kerneIK:[O) and the kernel between distances
K pist is the Gaussian RBF kerné] (9).

Alternatively, we tested several variants of this basiegatical kernel. First, we tested the effect of the partial
charges by removing them from the labels, and keeping the &imac and Gaussian RBF kernels for the labels and
distances, respectively. In this case the label of an atoonces to its type. Second, we tested alternatives to the Dira
kernel between labels, by taking into account similaribetveen physicochemical properties of atoms with differen
labels. We considered the four following properties, takem ) : theVan der Waals radiuswvhich represents the
radius of an imaginary sphere enclosing the atomgthalent radiuscorresponding to half of the distance between
two identical covalently bonded atomic nuclei, first ionization energythe energy required to strip it of an electron
from the atom, and thelectronegativitya measure of the ability of an atom or molecule to attraatted@s in the
context of a chemical bond. The Van der Waals and covaleiitaacbunt for the steric property of atoms, while the
two latter properties encode their electrostatic behaWothese cases, for computational reasons, a triangulaeke
was used to compare different atoms with respect to thegeepies. Third, we tested the six fast approximations
mentioned in Sectioﬂ 6 with our original labeling scheieand2-points spectrum, binary and Tanimoto kernels).

In addition, we tested the state-of-the-art Tanimoto kidmased on the 2D structure of molecul@ (19) to evaluate
the potential gain obtained by including 3D information.iSTkernel is defined as the Tanimoto coefficient between
fingerprints indicating the presence or absence of all ptessiolecular fragments of length up&an the 2D structure

2Available as supporting information of the original studynait p: / / pubs. acs. or g/ j ournal s/ j ci sd8/
Sht t p: / / www. eyesopen. cont product s/ appl i cati ons/ quacpac. ht m
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of the molecule, where a fragment refers to a sequence ofsatemnected by covalent bonds. We note that this
fingerprint is similar to classical 2D-fingerprints such ke Daylight representatidnwith the difference that our
implementation does not require to fold the fingerprint iatemall-size vectom8).

The different kernels were implemented in C++, and the SVieenent was conducted with the freely available
Python machine learning package PyMEor each experiment, all parameters of the kernel and thé ®¥re op-
timized over a grid of possible choices on the training sdy,do maximize the mean area under the ROC curve
(AUC) (@) over an internal 10-fold cross-validation. Thesults on the test set correspond to the performance
of the SVM with the selected parameters only. The optimizacameters include the width € {0.1,1,10} (in
angstroms) of the Gaussian RBF kernel used to compare déstathe soft-margin parameter of the SVM over the
grid {0.1,0.5,1,1.5, ..., 20}, the number of bins used to discretize the distances fora$teappproximations over the
grid {4,6,8,...,30} and the cut-off parametér of the triangular kernel when physicochemical propertresused.
This later parameter was chosen aménglues chosen such thad, 25 or 50% of all atom pairs in the training set
have a non-zero value for the kernel. The largethe more atoms of distinct types are matched by the kerotthie
longer the kernel computation.

7.3 Results

TabIe[]S shows the results of classification for the diffelarnel variants. Each line corresponds to a kernel, and
reports several statistics : the accuracy (fraction ofamily classified compounds), sensitivity (fraction of piosi
compounds that were correctly classified), specificitycfitm of negative compounds that were correctly classified)
and AUC. The first line corresponds to the basic categorieahdd. The following five lines show the results of
the five variants of the categorical kernel obtained by maidif the kernel between labels (Dirac kernel for labels
without partial charges, and triangular kernel fophysicochemical properties). The results obtained by ithéast
approximations follow. Finally, we added the performanbtamed by the state-of-the-art 2D Tanimoto kernel based
on the 2D structure of the molecules and the best resultstezpim the reference puincatioE[32).

The results of parameters optimization on the training #ehded to similar choices for different kernels. For
example, the width of the Gaussian RBF kernel to comparantisis was usually selectedtat angstrom, which
corresponds to a very strong constraint on the pharmacephatching. The cut-off parameter for the triangular
kernel was usually chosen to alloW or 25% of matches between atoms on the training set. Finally, tmebu of
bins selected by the fast approximations to discretize igtantces was usually between 20 and 30 bins.

The results show that in general, the five variants of thegcaieal kernel obtained by modifying the kernel
between labels (lines 2-6) lead to similar or slightly wopsgformances than the categorical kernel. Removing the
partial charges from atom labels decreases the accuraéytbys% on all datasets except COX, confirming that
the partial charge information is important for the defanitiof pharmacophores. The variants based on the four
physicochemical properties of atoms lead to results glplsahilar to those obtained with atom type labels without
partial charges, from which they are deduced. This showts ith@he context of this study, subtle pharmacophoric
features based on physicochemical parameters insteaahpliysthe type of atoms could not be detected.

The fast pharmacophore kernel obtained by applying a Diesned to check when pairs of candidate pharma-
cophores fall in the same bin of the discretized space (@ptisum) systematically degrades the accuraclytof5%
over all four datasets compared to the categorical kerrieés Juggests that the gain in computation time obtained by
discretizing the space and computing a 3D-fingerprint##m@esentation of molecules has a cost in terms of accuracy
of the final model. A particular limitation of the fingerpribised method is that two pharmacophores could remain
unmatched in they fall into two different bins, althoughytimeight be very similar but close to the bins boundaries. In
the case of the pharmacophore kernel, such pairs of sintimpacophores would always be matched.

Interestingly, however, performances competitive with tiategorical kernel are obtained by the fast 3pt-binary
and 3pt-Tanimoto kernels. On the BZR dataset, the 3pt-pkennel even gives the best performance. Contrary to the
3pt-spectrum kernel, these kernels are not pharmacopkarelk in the sense of Definiti(ﬁh 2; however they are based
on the same representation as the 3pt-spectrum kernelpthelifference being the way to obtain the kernel value
from the fingerprint description. Note finally that these teawnels give overall similar results.

We observe moreover that except for the COX dataset, theetiiskernels based on two-points pharmacophores
lead to significantly worse results than their three-patotsnterparts.

4ht t p: // ww. dayl i ght . com dayht ml / doc/ t heory/ t heory. toc. htm
5Available atht t p: / / pym . sour cef or ge. net
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| Exact| Discrete
With charges 20 6’
Without chargeg 249’ 7

Table 2: Computation times in minutes needed to computeiffezeht kernel matrices on the BZR training set. The
first column refers to the computation of the exact kerﬂelz{ﬁ}d the second one to the approximate ker@s (15) and

@h.

For each dataset, the results obtained with the 2D-Tanikerteel are significantly worse than those of the cat-
egorical kernel, with a decrease ranging fr8rto 7% on the different datasets. This confirms the relevance of 3D
information for drug activity prediction, that motivatekig work. Finally we note that on all but the COX dataset,
the categorical kernel outperforms the best result@f, @&)firming the competitiveness of our method compared to
state-of-the-art methods.

Regarding the computational complexity of the differentmoels, TabI<E|2 shows the time required to compute the
kernel matrices on the BZR training set for different kespeh a desktop computer, equipped with a Pentium 4 - 3.6
GHz processor, and 1 GB RAM. In the discrete version, thedtst range was split into 24 bins, and as expected, the
kernels based on the discretization of the pharmacopharmesgre faster than their counterparts by a factdrnof35,
depending on the type of labels used (with or without theiglasharge information). In the exact kernel computation,
the effect of removing the partial charges from the labets isduce more matches between atoms and therefore, as
discussed in Sectitﬂ\ 4, to drastically slow the computatipa factor ofl2, consistent with the theoretical estimate
that dividing the size of the label classesbincreases the speed by a fackdr

8 Discussion and conclusion

This paper presents an attempt to extend the applicatioaceft machine learning algorithms for classification to
the manipulation of 3D structures of molecules. This atteimpnainly motivated by applications in drug activity
prediction, for which 3D pharmacophores are known to plagantant roles. Although previous attempts to define
kernels for 3D structures (similar in fact to the 2pt-spectikernel we tested) led to mixed resu(35), we obtained
performance competitive with state-of-the-art algorighior the categorical kernel based on the comparison of phar-
macophores contained in the two molecules to be comparas k&mel is not an inner product between fingerprints,
and therefore fully exploits the mathematical trick thaddak SVM to manipulate measures of similarities rather than
explicit vector representations of molecules, as oppasethier methods such as neural networks. We even observed
that for the closest fingerprint-based approximation olg@iby discretizing the space of possible pharmacophores
(3pt-spectrum kernel), the performance significantly dases. This highlights the benefits that can be gained from
the use of kernels, which provide a satisfactory answereacttimmon issue of choosing a “good” discretization of
the pharmacophore space to make fingerprints: once disedetpharmacophores falling on different sides of bins
edges do not match although they might be very close. Weantttat approaches based on fuzzy fingerprs (36), for
example, aim at correcting this effect by matching pharrmphooes based on different distance bins.

Although the best overall method in this study is the catiegbkernel, it is interesting to notice that very compet-
itive results are obtained by the binary and Tanimoto kerapplied to the discretized pharmacophore representation
Compared to the 3pt-spectrum, the better performance diittaey kernel suggests that the choice of the functional
form of the kernel given a representation of molecules caw plcritical role in terms of performance. Representing
pharmacophores by indicators (bits) of their presenceradttan by their precise counts can be interpreted as altrivia
way to emphasize rare versus frequent pharmacophoreskethels. Alternatively, it might be possible for example,
to adopt more flexible schemes to weight the pharmacoph@sndiing on their probability of appearance in the
molecules, and to modify in a similar way the functional fasfrihe pharmacophore kernels (Definit@n 2) to improve
performance over the categorical kernel.

Concerning the practical use of our approach for screerfitagge datasets, Tabl]a 2 shows that, even for the fastest
variants, the approach based on kernel methods can be catopatly demanding even for relatively small datasets.
In practice, however, the time to train the SVM can be smdhan the times presented in Tatﬂe 2 because not all
entries of the matrix are required. Speeding up SVM and kenathods for large datasets is currently a topic of
interest in the machine learning community, and applicetio virtual screening on large databases of molecules will

15



certainly benefit from the advances in this field.

Among the possible extensions to our work, a first directiauld be to test and validate different definitions
and labeling for the vertices of the pharmacophores. Wednourselves to the simplest possiBl@oints phar-
macophores based on single atoms annotated by their tydgsaatial charges. The method could be improved by
testing other schemes known to be relevant features asdmsjponents of pharmacophores. Instead of single atoms,
it is for example possible to consider groups of atoms fogriimctional units instead of single atoms to form phar-
macophores. A second possible extension is to generalzavtitk to pharmacophores with more points, edgor
5. Although several results will not remain valid in this casach as the expression of the kernel as the trace of a
matrix, this could lead to more accurate models in casesewherbinding mechanism is well characterized by such
pharmacophores. Finally, a third promising direction tsdikely to be relevant for many real-world applications is
to take into accounts different conformers of each moledaldeed, it is well-known that the biological activity to be
predicted is often due to one out of several conformers favengmolecule, which suggests to represent a molecule
not as a single 3D structure but as a set of structures. Tinekapproach lends itself particularly well to this exten-
sion, thanks to the possibility to define kernels betwees sEstructures from a kernel between structures, just like
we defined a kernel between sets of pharmacophores from allkertween single pharmacophores.
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LT

BZR COX DHFR ER

Acc. | Sens.| Spec.| AUC || Acc. | Sens.| Spec.| AUC || Acc. | Sens.| Spec.| AUC || Acc. | Sens.| Spec.| AUC
Categorical 76.4| 740 | 789 | 82.1 || 69.8| 69.8 | 69.8 | 75.1| 81.9| 63.3 | 888 | 84.8 | 79.8| 72.0 | 84.7 | 86.8
Categorical, no partial charges74.3 | 73.6 | 75.0 | 81.5 | 70.0| 685 | 70.9 | 746 || 78.1| 65.2 | 82.7 | 822 | 77.6| 71.7 | 81.4 | 87.2
Van der Waals 746 | 740 | 753 | 817 || 67.1| 67.2 | 67.0 | 72.1| 77.8| 686 | 81.1 | 83.1 | 77.7| 725 | 80.9 | 87.1
Covalent 74.3| 736 | 750 | 808 || 70.0| 685 | 712 | 743 | 76.9| 688 | 79.7 | 82.6 | 77.8| 72.0 | 81.5 | 87.3
lonization 74.1| 73.8 | 747 | 818 || 68.9| 684 | 69.4 | 74.0| 779| 66.7 | 820 | 828 | 77.6| 723 | 81.5 | 87.1
Electroneg. 749 | 744 | 753 | 816 || 70.2| 679 | 725 | 734 | 779| 674 | 816 | 830 | 78.2| 70.4 | 83.1 | 87.7
3pt-spectrum 75.4| 744 | 76.3 | 813 || 67.0| 644 | 695 | 759 | 76.9| 709 | 79.0 | 819 | 786 | 78.3 | 78.8 | 87.4
3pt-binary 785| 744 | 826 | 815 | 68.2| 70.5 | 659 | 74.8 | 80.8| 66.2 | 859 | 81.1 | 79.3| 74.7 | 822 | 87.5
3pt-Tanimoto 783| 746 | 821 | 847 || 68.0| 68.0 | 68.0 | 74.2 | 81.6| 69.8 | 856 | 83.1| 79.0| 679 | 86.4 | 88.7
2pt-spectrum 71.4| 613 | 816 | 803 || 68.9| 70.2 | 67.7 | 74.7 | 67.7| 67.4 | 679 | 723 | 78.7| 759 | 80.4 | 845
2pt-binary 723| 665 | 782 | 772 || 71.3| 71.0| 716 | 76,5 | 66.5| 783 | 623 | 76.2 | 75.6| 87..8| 67.8 | 84.8
2pt-Tanimoto 75.0| 69.7 | 805 | 803 || 69.8| 67.0 | 723 | 742 | 724| 719 | 725 | 80.6 | 74.3| 856 | 67.1 | 85.1
2D-Tanimoto 712| 719 | 705 | 808 || 63.0| 67.5| 58.6 | 69.8 | 769| 73.8 | 780 | 830 | 77.1| 69.3 | 82.1 | 83.6
Sutherland 75.2| 70.0 | 81.0 | XXX || 73.6| 75.0 | 72.0 | XXX || 71.9| 74.0 | 71.0 | XXX || 78.9| 77.0 | 80.0 | XXX

Table 3: Classification of the test sets, after model s@rcih the training set.
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