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ABSTRACT
Motivation: The phylogenetic profile of a protein is a
string that encodes the presence or absence of the protein
in every fully sequenced genome. Because proteins that
participate in a common structural complex or metabolic
pathway are likely to evolve in a correlated fashion, the
phylogenetic profiles of such proteins are often “similar” or
at least “related” to each other. The question we address in
this paper is the following: how to measure the “similarity”
between two profiles, in an evolutionarily relevant way, in
order to develop efficient function prediction methods?
Results: We show how the profiles can be mapped
to a high-dimensional vector space which incorporates
evolutionarily relevant information, and we provide an
algorithm to compute efficiently the inner product in that
space, which we call the tree kernel. The tree kernel
can be used by any kernel-based analysis method for
classification or data mining of phylogenetic profiles.

As an application a Support Vector Machine (SVM)
trained to predict the functional class of a gene from its
phylogenetic profile is shown to perform better with the
tree kernel than with a naive kernel that does not include
any information about the phylogenetic relationships
among species. Moreover a kernel principal component
analysis (KPCA) of the phylogenetic profiles illustrates
the sensitivity of the tree kernel to evolutionarily relevant
variations.
Availability: All data and softwares used are freely and
publicly available upon request.
Contact: Jean-Philippe.Vert@mines.org

INTRODUCTION
The availability of an increasingnumber of fully se-
quenced genomeshas promoted the development of
large-scalecomparative genomic approachesto better
understandthemachineryof thecell. Onesuchapproach
is theuseof phylogeneticprofiles(Pellegrini et al., 1999)
to assignfunctions to genesbasedon their patternsof
inheritanceacrossspecies.The hypothesisbehind this
method is that proteins that participate in a common
structural complex or metabolic pathway evolve in a
correlatedfashion,andshouldthereforebepresentin the
sameorganisms.As a matter of fact the phylogenetic
profile of a genehasbeenshown to provide information

about its function (Pellegrini et al., 1999) and is an in-
terestingalternative to otherapproachesto genefunction
predictionbasedon directsequencecomparisonsor gene
co-expression(Marcotteet al., 1999).

In its simplestform thephylogeneticprofile of a geneis
astringof bits,eachbit indicatingthepresenceor absence
of a homologueof thegenein a differentorganism.Once
the phylogenetic profiles for all the genesof a given
organismhave beencomputed,thefunctionof a genecan
be inferredto someextent by examiningthe functionsof
othergeneswith “similar” or at least“related” profiles.A
fundamentalquestionaddressedin this paperis therefore
the following: how to measurethe “similarity” between
phylogeneticprofiles?

The simplestapproachto quantify the differencebe-
tweentwo profiles is to count the numberof organisms
where they differ. Intuitively, the smaller this number,
the more similar the profiles. This methodwas usedin
(Pellegrini et al., 1999)wheretwo profilesaredefinedas
“neighbors”whenthey differ by lessthan3 bits. A more
appealingmeasureis the differential parsimony intro-
ducedin (Liberleset al., 2002),basedonthephylogenetic
reconstructionof the ancestorsand the comparisonof
the reconstructedtrees. Indeed, it is intuitively more
meaningfulto comparethewholehistoricalevolutionsof
two genes,rather than just their presenceor absencein
currentorganisms.

In this paper we generalizethis idea and embed it
into a powerful mathematical framework that opensnew
analysisopportunities. Insteadof just defininga measure
of similarity between profiles, such as the number of
bits where they differ or the differential parsimony of
the reconstructedphylogenetictrees,we propose to map
eachprofile to a high-dimensionalvector space(which
we call feature space), defined in such a way that
eachcoordinatein the featurespacecorrespondsto one
particularpatternof inheritanceduring evolution. As an
example,one patternof inheritancecould be “the gene
has been transmittedto proteobacteriaand eukaryotes,
but not to Gram-positive bacteria”. As it is impossible
to know for surethe ancestorgenomesthe mappingof a
phylogeneticprofile to thefeaturespaceis definedthanks
to a probabilisticmodelof evolution (a classical Bayesian
treemodel)to give weightsto featuresthatcorrespond to
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plausiblepatternsof inheritancefor thegivenprofile.
If one considersall possiblepatternsof evolution the

dimensionof the feature spaceis very large, and the
explicit computationof the imageof a profile could be
prohibitive in terms of computationtime and memory
storage.However, as a main contribution, this paper
providesanalgorithmto computeverysimplyandquickly
the innerproductbetween the imagesof any two profiles
in the featurespace,which doesnot involve the explicit
computationof each image.

Theresultingfunction,which mapsany two profilesto
the innerproductof their imagesin thehigh-dimensional
featurespace,is called a treekernel. It belongsto a larger
class of functions, called kernels, defined as the inner
productof two objectsmappedto any vectorspace.Once
a kernelanda corresponding featurespacearechosen,it
is possibleto definethedistancebetweentwo profilesas
theEuclideandistancebetweentheir imagesin thefeature
space.In thecaseof thetreekernelpresentedin thispaper,
two profilesareneareachotherin thefeaturespaceif they
arelikely to have sharedcommonpatternsof inheritance
duringevolution,which is anappealingproperty.

However, more than just computinga Euclideandis-
tancecanbedoneoncea kernelis defined.In particulara
whole set of algorithms,known as kernelmethods, have
beendeveloped recently and shown to be very helpful
in many real-world applications(Cristianini & Shawe-
Taylor,2000;Scḧolkopf & Smola,2001).Kernelmethods
work implicitly in the featurespaceusingonly thekernel
function,andincludesuchdiversealgorithmsasSupport
Vector Machinesfor classification or regression(Vapnik,
1998), kernel principal componentanalysis (Scḧolkopf
et al., 1999),kernelclustering(Ben-Huret al., 2001)or
kernelFisherdiscriminants(Mika et al., 1999).

To illustrate the use of kernel methods to analyze
phylogeneticprofiles, we test the ability of a Support
Vector Machineto predict the functionalclassof a gene
from its phylogeneticprofile,andshow thatincorporating
knowledgeaboutthe phylogeneticrelationshipsbetween
speciesinto thekernelconsistentlyimprovesits accuracy.
In order to get a better insight of the relative positions
of the phylogeneticprofilesin the featurespace,we also
performa kernelprincipalcomponentanalysisthatshows
that the tree kernel is more sensitive to evolutionary
patterns than a kernel that does not incorporate any
informationaboutthephylogeny.

METHODS AND ALGORITHMS
Bayesiantr eemodelsfor phylogenetic profiles
The transmissionof genesduring evolution is modeled
by a simpleBayesiantreemodel,i.e., a graphicalmodel
(Lauritzen,1996)basedon a rootedtree.A rootedtreeis
a connectedacyclic directedgraphin which eachnodeis
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Fig. 1. A treeandthenotationsused in thisarticle

connectedby a uniquepathfrom a designatednodecalled
the root anddenoted� . We denoteby � the setof nodes
of thetree,����� thesetof leaves(i.e.,thenodeswith no
child),and���
	��������� thesetof nodeswithouttheroot.
For any node����� � we write ����������� to representthe
parentnodeof � , andfor any node����� , � ��������� and! �����"�#� to representrespectively the setof childrenof
thenode� , andthesetof leavesdescendantsof � (Figure
1).

In this paperthetreeis meantto bea phylogenetictree:
each leaf of the tree representsone organismcurrently
living, and eachinternal noderepresentsan ancestorof
thecurrentorganisms(seefor exampleFigure3).

Thetreeis usedto definea joint probabilitydistribution$
for a setof randomvariables %'&�()���'��� indexedby

thenodesof thetreeandwith valuesin afinite alphabet* .
We will focuson binaryvariables,i.e., *+	,�-�(/.�� , but
this work couldbegeneralizedto any finite alphabet.The
variable % & attached to a node�0��� is supposedto be
1 whenever thecorresponding organismhasa homologue
of thegeneunderstudy, 0 otherwise.

For conveniencewe will usethe following notationsin
thesequel.For any setof nodes12�0� , %�3�	4 % & ()�'�15� is thesubsetof variablesindexedby 1 , and673���* 3 a
particularsetof valuesthat %83 cantake.For any two sets
of nodes19�4� and 1;:<�4� , andany values6�3=�=* 3
and > 3@? �A* 3 ? , the notation ���B6 3DC > 3@? � representsthe
following probability:

����6E3 C >�3 ? �GF)HJI	 $ LKM����15(N% & 	�6 & C KM� : ��1 : ()% & ? 	�> & ? �PO
With these notations a phylogeneticprofile can be

definedasfollows:

DEFINITION 1. A phylogeneticprofile is a set of bits
assignedto theleavesof thetree,i.e., 6RQS��* Q .

To modeltheevolution of genomesalongthe branches
of the evolutionary tree an initial distribution �MT on *
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is assignedto the root of the tree, and a conditional
probability distribution � & ��U CWV � for �BUL( V �X� *'Y is
assignedto eachnode�Z�'��� . Thetreetogetherwith the
setof distributions L� & (N�'����� definesa joint probability
distribution for %�[ asfollows:

KR6\[]��* [ (^����6_[<�`	�� T ��6 T � &ba [Ec � & �B6 & C 6ed f &hg �)O
Kernels
Our approachto analyzephylogeneticprofiles is to map
them to a high-dimensionalspace whose dimensions
correspondto evolutionarily relevant features.Let us
denoteby i+j * Qlk m sucha mapping,where n
is the dimensionof the featurespace.Then the image
of a profile 6_Qo�p* Q can be written as i �B6�Q_�A	� i5q �B6EQ\�)(/OrO/Os( i mt�B6_Q��u� , andeachcoordinateitv ��6EQ�� forUw	x.�(/OrO/Os( n is calleda feature of theprofile 6eQ .

In the sequelwe considera large set of evolutionarily
relevant features,leading to a high-dimensionalfeature
space.In sucha case,rather than computingexplicitly
the image i ��6 Q � of each profile 6 Q � * Q , it is
more interestingto be able to computeefficiently the
inner product betweenthe imagesof any two profiles�B6 Q ()> Q �P��* Q�y * Q in thefeaturespace,i.e.,

z ��6 Q ()> Q � FNH{I	
m
v}|7q i v �B6 Q � i v �B> Q �)O (1)

The resulting function
z �uO~(rO�� is called a kernel

(Scḧolkopf & Smola, 2001) and can be used to per-
form implicitly various data analysisalgorithms in the
featurespace.

Thesimplestkernelfor phylogeneticprofilesis theinner
productwhenstringsof bits areconsideredasreal-valued
vectors. In other words the naive kernel is defined as
follows:

z��r� v�� H ��6 Q (N> Q �<	 &baLQ 6 & > & O (2)

The resulting squaredEuclideandistancebetween two
profiles is simply the numberof organismwhere they
differ, hence the naive kernel is the natural way to
representprofiles geometricallywhen their similarity is
definedin sucha way.

The tr eekernel
Thenaive kernel(2) doesnot incorporateany knowledge
about the nature of phylogeneticprofiles, in particular
the phylogeneticrelationshipsamongspecies.In orderto
developa morebiologically relevantmeasureof similarity
it would be natural not to compare just the profiles
themselves,but alsotheir globalpatternsof inheritanceif
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Fig. 2. An evolution patternis a subtree(representedwith thick
lines)whosenodesareassigned valuesin �J����� � .

the genomesof all ancestorswereavailable. In that case
wecouldcheck,for any two genes,whenin evolutionthey
weretransmittedtogetheror not,andgeta morepertinent
view of how similar their phylogenetichistoriesare than
by justcomparingtheirphylogeneticprofilesorganismper
organism.

In order to createa distancefor phylogeneticprofiles
thatreflectsthesimilarity between evolutionswe propose
to mapany profile to a featurespacewhereeachfeature
correspondsto a particularpatternof evolution definedas
follows:

DEFINITION 2. An evolution patternis a pair �B1�(/�r3\�
where 1��#� is a subtreeof the completeBayesiantree
(i.e., a connectedsubgraphwhich containsthe root), and�h3���* 3

is a setof valuesattachedto thenodesof 1 (see
anexampleonFigure 2)

For eachevolution pattern ��1�(r� 3 � we definea featurei 3�� ��� j * Q2k which ideally would be . for profiles
whosehistoriesmatchthe pattern,and - otherwise.The
history of the eachprofile (i.e., the assignmentof a - or
a . to eachancestororganismin the phylogenetictree)
is of coursenot known, but the probabilistic model of
evolutiondescribedpreviouslycanhelpapproximatethese
ideal features.Oneway to proceedis to replacethe ideal-���. assignmentby the probability that the profile 6eQ be
observed conditionally to the pattern � 3 . We therefore
definethefeaturei 3\� ��� asfollows:

KM6 Q ��* Q ( i 3\� ������6 Q �GFNH{I	����B6 Q C �h3��uO (3)

Of coursethereis a priori no reasonto focuson only
one particular subtree1 and one particular pattern � 3 .
To the contraryit is moreinterestingto look at asmany
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featuresaspossiblein orderto characterizeeachprofile.
If we denoteby � ����� the set of all subtreesof � we
thereforedefinethe set of featuresas the featuresi 3\� � �
correspondingto all possiblesubtrees1�� � ���D� and
patterns�h3S��* 3

.
Combining(1) and(3) weseethattheresultingkernelis

thefollowing, for any two profiles ��6 Q ()> Q ����* Q y * Q :
z ��6 Q (N> Q �P	 3 aL� f [ g ��� aL� � ����6 Q C �L3������B> Q C �h3\�)O

In this expression all features are given the same
importancein the sensethat the kernel is obtainedby
adding the contributions of all features.However some
features might be consideredmore “important” than
others,becausesomeevolution patternsare more likely
to have effectively occurredthan others.In other words
it is likely that most featurescorrespondingto patterns�B1�(/� 3\� which have a very low probabilityof appearance
areirrelevantandonly addnoiseto thefeaturespace.One
solutionto reducethis effect is to weight thecontribution
of each feature in the kernel by the probability of the
correspondingpattern, which results in the following
kernel:

DEFINITION 3. Thetreekernelis thekerneldefinedfor
anyphylogeneticprofiles �B6 Q (N> Q �P��* 3�y * 3 by:

z��~�
HJH �B6 Q (N> Q � FNH{I	

3 aL� f [ g ��� ah� � ���)�L3_�B����6 Q C �h3��B���B> Q C �h3\�)O (4)

In this form the tree kernel appearsto be related to
convolution kernels introducedby (Watkins, 1999) and
(Haussler,1999), and to generalizethe classof kernels
developedin (Vert, 2002)to graphicalmodelswith latent
variables.

Computation of the tr eekernel
Whereasthenaive kernelbetweentwo profilescaneasily
becomputedfrom (2),Equation(4) shouldnotbedirectly
implementedto computethe tree kernel becauseof the
large numberof termsto add(the numberof subtreesof
a tree increasesexponentiallywith the numberof nodes,
andfor eachsubtree1 thereare �s� 3 � featuresto compute).
In thissectionwepresentanalgorithmto computethetree
kernelwith a complexity linearwith respectto thesizeof
thephylogeneticprofiles.

Given a Bayesiantreemodel, the algorithmfirst com-
putesthe following functions� , indexed by the nodesof
the tree, for eachphylogeneticprofile 6 Q using a post-
ordertraversalof thetree:� If � is a leaf:

KMUw��*�( � v ��6 Q ()���7	�� & �B6 & C UL�)O

� If � is aninternalnodedifferent from theroot:

KMUw��*�( �sv ��6EQ_()���7	 � ah� �s&�� V C Uh� & ? a¢¡ f &hg �
� ��6EQ_()� : �uO

� If ��	x� :

� �B6_Q\(/���7	 � aL� �sT£� V � & ? a¢¡ f Thg �
� �B6EQ\(N� : �)O

In asecondstep,in orderto computethekernelbetween
any two profiles6 Q and> Q , asecondfunctional ¤ indexed
by the nodesof the tree is computedusing a post-order
traversalof thetree:� If � is a leaf:

¤¥v �)¦§�P	 . if 6 & 	�> & 	�U ,- otherwise.

� If � is not a leaf:

¤ v �����P	 & ? a¢¡ f &hg � aL� � & ? � V"C UL� ¤ � �B� : �
¨ � v ��6 Q ()� : � � v ��> Q ()� : � O

Finally thekernelvalueis obtainedasfollows:z��~�
HJH �B6 Q (N6 Q �P	 � aL� � T � V � ¤ � �)�\� ¨ � ��6 Q (/�\� � �B> Q (r�\�)O

This algorithmis basedon post-order traversalsof the
tree and has therefore a complexity linear with respect
to the size of the tree(andof the phylogeneticprofiles).
The reasonwhy it returnsthe correct kernel value is a
consequenceof the following propositionwhich can be
provedby inductionbyworkingupthetreefromtheleaves
(dueto spacelimitation the completeproof is omitted in
this paper):

PROPOSITION 1. The functions � and ¤ computedby
thepreviousalgorithmsatisfythefollowing equations,for
anytwo phylogeneticprofiles ��6 Q ()> Q �<��* Q y * Q :� For anynode�����'� and Ut��* :

� v ��6 Q ()����	 $ �B%S©�f &hg 	�6_©�f &hg C %�d f &hg 	�UL�)(
andfor theroot:

� ��6 Q (/�\�G	 $ �B% Q 	�6 Q �)O
� For anynode����� and Uw��* :

¤ v �����P	 3 ahª f &hg �«� aL� �
$ �B%�3�	x�u3 C % & 	�UL�

y ���B6e©�f &hg C �h3\�)O ���B>R©�f &hg C �h3\�)(
where ¬ ����� is thesetof non-emptysubtreesrootedin� .
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Support Vector Machines
SupportVector Machines(SVMs) are a classof super-
vised learningalgorithmsfirst introduced by Vapnik and
coworkers(Boseret al., 1992;Vapnik,1998). Givenaker-
nel

z �uO~(/O~� and a set of training examples(phylogenetic
profilesin ourcase)labeledaspositive or negative,SVMs
learna linear decisionboundaryin the featurespacede-
fined by the kernelin orderto discriminatebetweenpos-
itive andnegative examples.Any new unlabeledexample
is thenpredictedto be positive or negative dependingon
the positionof its imagein the featurespacerelatively to
thelinearboundary.

Apart from having strongmathematical foundationsin
statistical learningtheorySVMs have beenshown to per-
formverywell in many real-worldapplications.They have
found recentlyseveral applicationsin computationalbi-
ology, including but not limited to protein function pre-
diction (Jaakkolaet al., 2000),genesor tissuesclassifi-
cation from microarraydata (Brown et al., 2000; Furey
et al., 2000) or translationinitiation site recognitionin
DNA (Zienetal., 2000). Moredetailsaboutthetheoryand
practiceof SVMs canbefoundin severalbooks(Cristian-
ini & Shawe-Taylor, 2000;Scḧolkopf & Smola,2001).

In thispaperweuseSVMsto infer thefunctionof agene
from its phylogeneticprofile.Wetesttheability of thetree
kernelto incorporatebiologically relevant informationby
comparingtheperformancesof SVMsusingeitherthetree
kernel(4) or thenaive kernel(2).

We used the software SVMLight v.3.50 (Joachims,
1999),a public implementation of SVMs that offers the
possibilityto implementuser-definedkernels.

Once a kernel is fixed only two parametershave to
be specifiedbefore running the algorithm, namely the
constantC which penalizesmoreor lessmisclassification
errors,and the relative weightsof positive and negative
examples.To ensurea comparisonas fair as possible
between the naive and the tree kernelswe used in all
experimentsthedefaultvalueproposedby thesoftwarefor
theC parameter(namely® 	�¯Z� °v}|�q z ��6 f v g ()6 f v g � for
a training set ��6 f q g (/OrO/Os(N6 f ° g � ), and the relative weight
parameterwasadjustedto ensurethat the total weight of
positive examplesbeequalto the total weightof negative
examples.

Kernel PCA
In order to get a glimpseof the relative positionsof the
phylogeneticprofiles in the featurespacedefinedby a
kernel, it is possibleto perform a principal component
analysis(PCA) of their imagesin the featurespace,and
to look at their projectionson the first few principal
components.The PCA in the feature space,which is
called a kernel PCA, can be performed entirely without

 http://svmlight.joachims.org

computing the images of the profiles, but instead by
computingthekernelbetween all pairsof profilesandthen
performing an eigenvaluedecompositionof the resulting
Gram matrix centeredin the featurespace(seedetails
in (Scḧolkopf et al., 1999)). We computedthe Gram
matrix with the C implementationof the kernelusedby
SVMLight, andperformedthekernel-PCAusingthe free
andpublic mathematicalsoftwareOctave± .
DATA
We performedexperimentswith thegenesof thebudding
yeast Saccharomycescerevisiae. Using the same data
as (Pavlidis et al., 2001) the phylogeneticprofiles of
2465 yeast genesselectedfor their accuratefunctional
classifications were generatedby computingthe E-value
reportedby BLAST version2.0 (Altschul et al., 1997)in
a searchagainsteachof the24 genomeslistedin Figure3
and collected from The Institute for GenomicResearch
website² or from theSangerCenterwebsite³ . Eachbit in
the phylogenetictreewassetto 0 or 1 if the E-valuefor
the corresponding organismwas larger or smallerthan1
respectively.

The phylogenetictreeusedto computethe treekernel,
shown in Figure3, is similar to theoneusedin (Liberles
et al., 2002).Theparametersof theBayesianmodelwere
arbitrarily set as follows: �sT��).���	 -�O~´ and for every
node� , �R&��u. C .��µ	¶��&@�u- C -��t	·-�O~´ . In otherwordsthis
probabilisticmodelfavors thetransmissionof genesalong
evolution but enablesthe appearanceor disappearanceof
a genealongany branchwith probability -�O~. . In spiteof
its crudenessthis simplistic model of genetransmission
is sufficient to captureinformationaboutthephylogenetic
relationshipsamongdifferentorganisms.

The functionpredictionexperimentswerebasedon the
functional categories in the Munich Information Center
for Protein SequencesComprehensive Yeast Genome
Databases (CYGD)̧ , whosefunctional catalogcontains
several hundredsof functional classes. We extracted all
classeswith at least10 genes,resultingin 133classes.

RESULTS
Function prediction
For eachfunctionalcategorywe traineda SVM to predict
whethera geneshouldbe assignedto it or not basedon
its phylogeneticprofileonly. Using3-fold crossvalidation
repeated50 times for each class, we comparedthe
performancesof a SVM using the naive kernel with a
SVM usingthetreekernelthrough therereceiveroperating
characteristic(ROC) curves,i.e., theplot of truepositives

± http://www.octave.org² http://www.tigr.org/tdb³ http://www.sanger.au.uk¸ http://www.mips.biochem.mpg.de/proj/yeast
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C pneumoniae
M pneumoniae

B subtilis
M tuberculosis
E coli
H influenzae
R prowazekii
H pylori J99
H pylori 26695
A fulgidus
M jannaschii
M thermoautotrophicum
P abyssi
P horikoshii
A pernix
C elegans

Synechocystis
B burgdorferi
T pallidum
C trachomatis

M genitalium

A. aeolicus
T maritima
D radiodurans

Fig. 3. The phylogenetic treefor 24 completelysequencedorgan-
isms(thelengthsof thebranchesarearbitrary).

as a function of false positives. When predicting the
category of a gene,a SVM outputsa score(relatedto the
distancebetweenthe exampleandthe linearboundaryin
thefeaturespace)sowecouldcomputetheROCcurvesby
varyinga thresholdandclassifyingtheprofilesdepending
on their scorescomparedto thethreshold.

As eachfunctional classcontainsa small numberof
geneseach learning problem is very unbalanced(there
are few positive examplesbut many negative ones).We
handledthis issueby giving moreweight to the positive
examplesin theSVM learning(suchthat the total weight
of positive examples be equal to the total weight of
negative examples).Moreover this implies that only a
smallpercentageof falsepositivescanbetoleratedin real-
world applications(suchas function predictions),so we
measuredthe ¹"º»®�¼«½ scorefor eachSVM, i.e., the area
under the ROC curve up to the first 50 false positives
(Gribskov & Robinson,1996).

Table1 shows thefunctionalcategorieswith thehighest¹"º ®<¼«½ scoresobtainedby a SVM usingthenaive kernel,
togetherwith the ¹5º»® ¼«½ scoresof the SVM using the

treekernel.It turnsout thatthetreekernelperformsbetter
than the naive kernelon most of the classes,and some-
times improvesconsiderablythe ¹"º»®<¼«½ score(for such
classesasGlycolysisandgluconeogenesis,or tRNA mod-
ification). Classesthat are betterpredictedby the naive
kernel(amino-acidmetabolism,transportfacilitation, or-
ganizationof plasmamembraneandmetabolism)tendto
belargerandmoregeneralclassesthantheothers.

We plotted on Figures 4 the ROC curves up to 50
falsepositivescorrespondingto the four classeswith the
highest naive ¹"º ® ¼«½ score, in order to further study
the differencesin performance.Theseplots show that in
several casesthe treekernelsignificantlyoutperformsthe
naive kernelwhena very small numberof falsepositives
is allowed (for example,if ¾ falsepositivesareaccepted,
the treekernelretrieveson averagemorethan65%of all
amino-acidtransporters,while the naive kernel retrieves
lessthan30%).

Kernel PCA analysisof four functional families
In order to betterunderstandthe differencebetweenthe
tree kernel and the naive kernel we performeda kernel
PCA analysisof the phylogeneticprofiles belongingto
the first four categorieslisted in Table1. Figure5 shows
theprojectionsof theseprofileson thefirst four principal
components(PC) in the featurespacedefinedby the tree
andthenaive kernelrespectively.

Theseplotsshow a cleardifferencebetween thegeome-
tries generatedby both kernels.In the featurespacede-
finedby thenaivekernel,theprofilesaremorescatteredin
all dimensionsthatin thefeaturespacedefinedby thetree
kernel.With thenaive kernel,theprofilesseemto form a
convex set,but with thetreekernel,eachPCseemsto char-
acterizeparticularlywell a few profiles,which happento
belongto thesamefunctionalcategory (amino-acidtrans-
portersfor thefirstcomponent,orABC transportersfor the
third one).Theresultingshapelookslike asmallclusterat
thecenterwith many branchesstartingfrom thecenterto-
ward variousorthogonaldirections,each directionbeing
particularlyrelevantto onefunctionalclass.

Theseobservationsshow that the tree kernel is partic-
ularly sensitive to biologically relevant variationsin the
profiles.As anexample,the ¿ ABC transporters( À ) char-
acterizedby a small value on the third PC with the tree
kernelarealsoclusteredtogetherby thenaivekernel(they
have for instancea small valueon the4-th PC).However
they arealignedalongoneparticularPCwith thetreeker-
nel, which indicatesthat the variationsamongthem are
very typical of a neatcombinationof evolution patterns
detectedby thetreekernel.To thecontrarytheirvariations
arespreadamongseveralPCsby thenaive kernel.
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Table 1. Á�ÂeÃeÄÆÅ scoresfor thepredictionof 16 functionalcategoriesby a SVM usingeithera naive kernel or a treekernel(the last columnexpressesthe
relative increaseor decreasewhenthenaivekernel is replacedby thetreekernel).

Functionalclass Naivekernel Treekernel Difference

Amino-acid transporters 0.74 0.81 + 9%
Fermentation 0.68 0.73 + 7%
ABC transporters 0.64 0.87 + 36%
C-compound,carbohydratetransport 0.59 0.68 + 15%
Amino-acid biosynthesis 0.37 0.46 + 24%
Amino-acid metabolism 0.35 0.32 - 9%
Tricarboxylic-acidpathway 0.33 0.48 + 45%
Transport Facilitation 0.33 0.28 - 15%
Organizationof plasmamembrane 0.31 0.30 - 3%
Amino-acid degradation(catabolism) 0.30 0.52 + 73%
Lipid andfatty-acidtransport 0.29 0.52 + 79%
Homeostasisof othercations 0.26 0.33 + 27%
Glycolysisandgluconeogenesis 0.25 0.66 + 164%
Metabolism 0.24 0.20 - 17%
Cellularimport 0.20 0.27 + 35%
tRNA modification 0.15 0.32 + 113%

DISCUSSION AND CONCLUSION
This paperpresentsan attempt to define a measureof
similarity betweenphylogeneticprofilesthat incorporates
knowledgeaboutthe phylogeneticrelationshipsbetween
species.More thanjust a measureof similarity, we were
ableto build awholeEuclideangeometryfor phylogenetic
profileswhich is tractablein spiteof its large dimension
thanks to the availability of an efficient algorithm to
computethe inner product in that space.Defining sucha
Euclideangeometryis moreappealingthanjustdefininga
measureof similarity, becausemany dataminingmethods
canbereadilyappliedin suchspaces.

Wedemonstratedthroughaseriesof functionprediction
experimentsand kernel PCA analysisthat the geometry
definedby thetreekernelis moresensitive to biologically
relevant patternsin the profilesthanthe geometrygener-
atedwhennoevolutionaryinformationis used.As aresult
a SVM usingthe treekernelperformedbetteron average
thana SVM usinga naive kernel.

Becauseof the efficiency of kernel methodssuch as
SVMs for classification, developingkernelsfor particular
objects has received much attention recently. As an
example, a number of kernels for strings have been
developedand appliedto the classification of biological
sequencesor text writtenin naturallanguage,includingthe
Fisherkernel(Jaakkolaet al., 2000), convolution kernels
(Haussler,1999; Watkins, 1999), string kernels (Lodhi
et al., 2000), interpolatedkernels(Vert,2002)or spectrum
kernels(Leslieet al., 2002).

More than a string kernel, the tree kernel introduced
in this papershouldbe regardedas a graph kernel, as
it is computedfor setsof strings indexed by nodesof

a tree.Thealgorithmcan easily be generalizedto handle
any treegraphicalmodelwith or without latentvariables,
in order to define a kernel on the set of realizations
of thesegraphicalmodels.As such modelsare widely
usednot only in computationalbiology but alsoin many
other fields, the potential applications of this kernel in
combinationwith theincreasinglibrary of kernelmethods
for datamining arenumerous.
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Fig. 5. KernelPCA analysis of thephylogenetic profilesof thegenesbelongingto four functionalclasses,with eitherthetreekernel(on the
left) or thenaivekernel (on theright). In eachcasetheupperplot representsthefirst PCversusthesecond,andthelowerplot representsthe
third againstthe fourth. Eachsymbolrepresents onefunctionalclass: amino-acidtransporters(Ç ), fermentation( È ), ABC transporters(É )
andC-compound,carbohydratetransport( Ê )
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