QSAR analysis with Support Vector Machines and Graph Kernels
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ABSTRACT

We propose a new approach to QSAR based on support vector machines (SVM), an algorithm
for classi cation and regressionthat recently attracted a lot of attention in the machine learning
community . SVMs have the particularity not to require an explicit vectorial representation of
eachmolecule. Instead, molecules are representedthrough pairwise comparisons computed by
afunction called the kernel. A valid kernel for graphs hasrecently beenproposed (Kashima et
al., 2003).The similarity betweentwo graphs computed by this kernel is basedon the detection
of common paths. The use of such kernels allows the comparison and ef cient classi cation of
graphs without any explicit molecular descriptor extraction. Furthermor e, the general graph
kernel formulation can be customized using prior knowledge to deal with specic data, such
asmolecules. We suggestsuch customizations and test our approachin atoxicology prediction
context, with very encouraging results.

1 Introduction : SVM for binary classi cation

Binary classi cation consistsin nding, from atraining set
, adecision function that correctly classi es anew data
Support Vector Machines (Schilkopf and Smola, 2002)focus on the classof linear classi ers
, and, for linearly separabledata, choosethe one with maximum
margin, namely the one that maximizes the closestdistance to the training set.
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SinceSVM only involve dot-pr oducts between the data, their discriminative power can be con-
siderably enriched via the Kernel Trick. If is amapping from to aparticular feature space

, replacing the dot-pr oducts by performs linear classi cation in  but
possibly nonlinear in
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Mor eover, we do not need to know explicitly the mapping but just the dot-pr oduct function
. Such a function is called a Kernel Function and enablesto perform
implicity SVM in

3 A kernel between labeled graphs

A natural way to represent chemical structuresis labeled graphs. A molecule is here repre-

sentedby setsof vertices and edges,corresponding respectively to its atoms and covalent bonds.

A valid kernel function between labeled graphs has recently been proposed (Kashima et al.,

2003). Graph comparison is basedon a comparison of the paths distributions under two inde-

pendent random walks on the graphs to be compared. Mor e precisely, for two graphs and
, this kernel writes

where:
is the setof paths of the graph and  the corresponding random walk model.

is alabelkerne]i.e. afunction assessingthe paths similarity .
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This kernel thus averagesthe label kernel with respectto the setof paths found in the graphs. It
involves an implicit projection of eachgraph onto an in nite-dimensional feature space,where
each dimension corresponds to a particular path of the graph. However, the kernel can be
computed in nite time by factorization.

5 An application to chemoinf ormatics

We evaluated this family of graph kernels for QSAR analysis. The datasetconsidered (MUTAG)
contains 188molecules (aromatic and heteroaromatic nitr o compounds) tested for mutagenicity
on Salmonellayphimurium. The problem consistsin predicting alow or high mutagenic activity,
and we usethe standard SVM algorithm for binary classi cation described above.

The table shows successrates and corresponding computation times obtained with the intro-
duction of the label enrichment method for 20 iterations of the Morgan Index process. The
original random walk model was used.

Label enrichment | None | 1st | 2nd | 3rd | 4th | 5th | 6th | 7th | 8th | 9th | 10-20th

Succesgate (%) 89.9 | 91 91 | 88.3|86.7|86.2|81.4|76.6|755| 75 74.5

Computation (sec)| 7032 | 5718 | 874 | 230 | 33 7 4 4 3 3 3

Removing tottering paths reachesthe same performance, but intr oduces a huge increasein the
complexity of the kernel.

The general graph kernel presentedhere comparesfavorably to state of the art algorithms using
only molecular descriptors and presentedin (King et al., 1996),but with the key advantage not
to require a molecular descriptors selection.

The two extensionspresentedhere only slightly impr oved the mutagenicity predicition model,
but the label enrichment method allowed a much higher computation speed,opening the way
to usegraph kernels to quickly compute similarities between thousands of molecules.

Future work involves combining this exclusively 2D-structure based approach with classical
descriptors, as did for example (Kramer et al., 2001) who showed that better results can be
obtained by combining molecular descriptors with fragment analysis.

2 Kernel functions as similarity measures

Provided the data are normalized to unit norm in the feature space( for all ), the
kernel de nes adistanceas:

A kernel cantherefore be thought of asa measure of similarity between data points: the larger
,the closer and in the feature space.

In fact, any symmetric positive de nite function is a valid kernel function. Thanks to this

condition, it is possible to use prior knowledge about the similarity of the data to build specic

kernel functions.

In particular, designing kernel functions for graphs makesit possible to apply SVM algorithms
to compare or classify chemical compounds without computing any molecular descriptor .

4 Extensions of the kernel

The framework de ned above is very general and the kernel offers many possibilities to be
customized for speci ¢ kind of data. The original formulation suggests:

setting asa Dirac function, where similarity is perfect for identical paths and null oth-
erwise. Only paths found simultaneously in the two graphs are here taken into account.

considering auniform rst order random walk model. The kernel cannottake into account
the different kinds of atoms nor their particular locations in the molecule.

We suggesttwo general modi cations to impr ove the relevanceof the kernel :

Label enrichment : We modify the labeling function sothat it takesinto accountthe topological
environment of atoms. We rely on the iterative approach involved in the molecular Morgan
Index generation process. Identical atoms are thus considered similar if and only if they have
common neighborhood properties, and paths comparison is likely to be more relevant.
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Preventing totters : A tottering path is a path that comes back to a node it has just visited.
Such paths are redundant and are likely to add noise to the kernel function. We transform the
original random walk model into a second order one that remembersthe node we come from,
and prevents coming back to it.
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6 Towards a molecular graph kernel?

Extensionsintr oduced above are basedon general graph considerations. In order to de ne state
of the art kernel methods for SAR analysis, a speci ¢ molecular kernel must be designed. This
involves intr oducing chemical knowledge in the original formulation, for example by :

intr oducing physico-chemical properties of atoms in the label kernel to compare them
with more exibility .

taking into accountthe types of atoms in the probabilistic model to stressthe in uence of
rare, or apriori important atoms.

adapting the general probabilistic model sothat it canreally take into account (relatively)
long paths, which seemsnot to be the casewith the original random walk model.
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