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Abstract

Motiv ation:  Remotehomolay detectionbetweenprotein se-
guencess a central problemin computationabiology. Supervised
learningalgorithmsbasedon supportvectormadinesare currently
the mosteffectivemethodfor remotehomolay detection. The per-
formanceof thesemethodsdependson how the protein sequences
are modeledand on the methodusedto computethe kernelfunction
betweerthem.

Results:  We introduce new classesof kernel functions that

are constructedby directly combiningautomaticallygeneated se-
qguenceprofileswith new and existing appoacesfor determining
the similarity betweerpairs of protein sequenceswyhich employef-

fective schemesfor scoring the aligned profile positions. Experi-

mentswith remotehomolay detectionand fold recagnition prob-

lemsshowthat thesekernelsare capableof producingresultsthat

are substantiallybetter than thoseproducedby all of the existing

state-of-the-artSVM-basednethods. In addition, the experiments
showthat thesekernels,evenwhenusedin the absenceof profiles,

produceresultsthat are betterthanthoseproducedby existingnon-

profile-basedschemes.

1 Introduction

Breakthroughsn large-scalesequencindnave led to a suige
in the available protein sequencdnformation that has far
out-strippedour ability to experimentallycharacterizeheir
functions. As aresult, researcherare increasinglyrelying
on computationatechniqueso classifythesesequencesto
functionalandstructuralfamiliesbasedon sequencéomol-

ogy.

*This work wassupportedn partby NSF EIA-9986042,ACI-0133464,
ACI-0312828,and 11S-0431135;the Digital TechnologyCenterat the Uni-
versity of Minnesota;and by the Army High PerformanceComputingRe-
searchCentefAHPCRC)undertheauspice®f the Departmenbf the Army,
Army ResearchLaboratory (ARL) under Cooperaite Agreementnumber
DAAD19-01-2-0014.The contentof which doesnot necessarilyreflectthe
positionor the policy of the governmentandno official endorsemerghould
beinferred. Accessto researctandcomputingfacilities wasprovided by the
Digital TechnologyCenterandthe MinnesotaSupercomputingnstitute.

While satisctorymethodsexist to detecthomologswith
high levels of similarity, accuratelydetectinghomologsat
low levels of sequencesimilarity (remotehomologydetec-
tion) still remainsa challengingproblem. Over the years,a
large numberof methodshave been deelopedfor homology
detection. Someof the early methodswere basedon pair
wise sequenceomparisonsomputedusing either optimal
dynamicprogramming-basealgorithms[23, 28] or various
fastapproximation$25, 2]. Betterremotehomologypredic-
tion waslaterobtainedoy comparinga proteinwith acollec-
tion of relatedproteinsusingmethodssuchasproteinfamily
profiles [5], hiddenMarkov models(HMMs) [15, 3], PSI-
BLAST [1], andSAM [14]. Theseschemegroducednodels
thatwere generatie in the sensethatthey built a modelfor
a setof relatedproteinsand then checled to seehow well
this modelexplaineda candidateprotein.In recentyears the
performanceof remotehomologydetectionwas greatlyim-
provedthroughtheuseof methodghatexplicitly modeledhe
differencedetweerthevariousclassegproteinfamilies)and
built discriminatize models. Thesemethodsby using both
sequenceknown to belongto a particularclass(positive ex-
amples)andsequenceknown to be outsidethis class(nega-
tive exkamples)arebettersuitedfor identifying andcapturing
theratherweaksequence-keel signalsof the remotehomol-
ogy detectionproblem.A numberof differentmethodshave
been deelopedthatbuild thesediscriminatve modelsusing
supportvectormachinegSVM) [29] andhave beenshovn to
produceresultsthatarein generakuperiorto thoseproduced
by eitherpairwisesequenceomparisonsr approachebased
ongeneratre modelsprovidedthatthereis sufficient datafor
training[12, 19, 17, 18, 10, 11, 26, 16].

A corecomponentf an SVM is thekernelfunction. For
our purposesthekernelfunctionmeasureshe similarity be-
tweenary pair of examples.Differentkernelscorrespondo
differentnotionsof similarity andcanleadto discriminatve
functionswith differentperformance.A commonapproach
for deriving a kernelfunctionis to first choosean appropri-



atefeaturespaceyepresentachsequencasa vectorin that
spaceandthentake theinner product(or a functionderived
from them)betweenthesevectorspacerepresentationasa
kernelfor thesequencegOneof theearlyattemptswith such
feature-space-basepproachess the SVM-Fisher method
[12], in which a profile HMM modelis estimatedon a set
of proteinsbelongingto the positive classandusedto extract
a vectorrepresentatioffior eachprotein. Anotherapproach
is the SVM-pairwise scheme[19], which representeach
sequencas a vectorof pairwise similarity betweenall se-
guencesn thetrainingset. The similarity betweereachpair
of sequenceéi.e., the value alongeachdimension)is com-
putedasthe F-valueof the Smith-Watermaralignmentscore
betweerthem. A relatively simplefeaturespacecontaining
all possibleshortsubsequenceangingfrom 3—8aminoacids
(kmer9 is exploredin a seriesof papers(Spectrumkernel
[17], Mismatchkernel[18], andProfile kernel[16]). Despite
thesimplicity of thefeaturespacetheresultingmethodshave
beenshaowvn to producevery goodresults. Thedifferencebe-
tweentheseschemess onthe methodusedto represeneach
sequenceThe Spectrunkernelrepresentgachsequencas
a 0/1 vector basedon whetheror not it containsthe kmer
correspondindo eachdimensionof the featurespace. The
Mismatchkernelallows for somedegreeof tolerancewhen
determiningif a particulardimensionis presentin the se-
guenceor not. For eachkmer v in the proteinsequenceit
setsto oneall the dimensionsof the featurespacethat cor-
respondo kmersthatdiffer in at mosta predefinechumber
of positions. Finally, the Profile kernelextendsthe ideasof
theMismatchkernelby generating positionspecificscoring
matrix for eachproteinsequencandutilizing it to determine
whetheror not a particulardimensionis sufiiciently similar
to a proteinsequencémer. Specifically for eachkmerw in
theproteinsequenceg setof otherkmersis generateavhose
profile-basedungappedalignmentscorewith « is above a
usersuppliedthreshold,and v is “subscribedto all of the
dimensionsn thatset. An entirely differentfeaturespaces
exploredby the SVM-Isites[10] and SVM-HMMSTR [11]
methodghattake advantageof a setof local structuraimotifs
(SVM-Isites)andtheirrelationshipfSVM-HMMSTR).

An alternatve to measuringpairwisesimilarity througha
dot-productof vector representationss to calculatean ex-
plicit proteinsimilarity measureTherecentlydeveloped_A-
Kernelmethod[26] represent®ne suchexampleof a direct
kernelfunction Thisschememeasurethesimilarity between
apairof proteinsequencely takinginto accountll theopti-
mallocalalignmentscoreswith gapsbetweerall of theirpos-
sible subsequenced.he experimentgresentedn [26] shov
thatthis kernelis superiorto previously developedschemes
that do not take into accountsequencerofilesandthat the
overallclassificatiorperformancémprovesby takinginto ac-
countall localalignments.

In this papemwe developnew kernelfunctionsthatarede-
riveddirectlyfrom explicit similarity measureandutilize se-

quenceprofiles. We presentwo classe®f suchkernelfunc-
tions. Thefirst class referredo aswindow-baseddetermines
the similarity betweera pair of sequenceby usingdifferent
schemego combineungappedalignmentscoresof certain
fixed-lengthsubsequenceslhe secondyeferredto aslocal
alignment-basedietermineghe similarity betweera pair of
sequencessing Smith-Watermanalignmentsanda position
independenaffine gapmodel,optimizedfor the characteris-
tics of the scoringsystem. Both kernel-classesitilize pro-
files constructedutomaticallyia PSI-BLASTandemploy a
profile-to-profilescoringschemewe develop by extendinga
recentlyintroducedprofile alignmentmethod[21].
Experimenton two benchmarkslervedfrom SCORone
designedo detectremotehomologsandthe otherdesigned
to identify folds, showv thatthesenew kernelsproduceresults
that aresubstantiallybetterthanthoseproducedy all other
state-of-the-ar8VM-basedmethods.In addition,the exper
imentsshav thatthesenewly proposedkernels,even when
usedin theabsencef profiles,produceresultsthatarebetter
thanthoseproduceddy existing non-profilebasedschemes.

2 Methods and Algorithms
2.1 SVM and Kernel Functions

Key to our algorithmfor protein classificationis its learn-
ing methodologywhichis basedn supportvectormachines.
Givenasetof positivetrainingsequence§ ™ andasetof neg-
ative training sequences$ —, an SVM learnsa classification
function f(X) of theform

)= Y AKX X) - YA KX X))

X;est X,ES—

where); and)\; arenon-neativeweightsthatarecomputed
during training by maximizing a quadraticobjective func-
tion,andK(., .) is calledthekernelfunctionthatis computed
overthevarioustraining-setandtest-setnstancesGiventhis
function,anew sequencg is predictedo bepositive or neg-
ative dependingon whetherf(X) is positive or negative. In
addition,thevalueof f(X) canbeusedto obtaina meaning-
ful rankingof a setof instancesasit representshe strength
by whichthey arememberof the positive or negative class.

2.2 Sequence Profiles

The inputs to our classification algorithm are the vari-
ous proteinsand their profiles. A protein sequenceX of
length n is representedy a sequenceof charactersX =
(a1, as,...,a,) suchthateachcharactecorrespond$o one
of the 20 standardaminoacids. The profile of a protein X
is derived by computinga multiple sequencelignmentof
X with a setof sequences$Yy,...,Y,,} thathave astatis-
tically significantsequencesimilarity with X (i.e., they are
sequencbomologs) Many schemesave beendevelopedor
identifying the setof homologousequenceandcomputing



the multiple sequencalignment.In this paperwe obtainthe
profilesusing PSI-BLAST [1] asit combinesboth steps,is
veryfast,andhasbeenshovnto produceeasonablgoodre-
sults. However, the profile-basedkernelsdevelopedherecan
be usedwith othermethodf constructingsequencerofiles
aswell.

Theprofile of asequenceX of lengthn is representety
two n x 20 matrices.Thefirstis its position-specificscoring
matrix PSSMy thatis computediirectly by PSI-BLAST us-
ing theschemealescribedn [1]. Therows of this matrix cor
respondo the variouspositionsin X andthecolumnscorre-
spondto the 20 distinctaminoacids.Thesecondmatrixis its
position-specifidrequencymatrix PSFMy that containsthe
frequenciesusedby PSI-BLAST to derve PSSMy. These
frequenciegalsoreferredto astarget frequencie$21]) con-
tain both the sequence-weightesbsenred frequenciegalso
referredto aseffectivefrequencie$21]) aswell asthe BLO-
SUMG62[9] derived-pseudocounfd]. For eachrow, thefre-
guenciesverescaledsothatthey addupto one.In the cases
in which PSI-BLAST could not producemeaningfulalign-
mentsfor certainpositionsof X, the correspondingows of
the two matriceswere derived from the scoresandfrequen-
ciesof BLOSUMG62.

2.3 Profile-based Sequence Similarity

Many differentschemesave beendevelopedfor determin-
ing the similarity betweenprofiles that combineinforma-
tion from the original sequence position-specificscoring
matrix, or position-specifictarget and/oreffective frequen-
cies[21, 30, 20]. In ourwork we usea schemehatis derived
from PICASSOJ[8, 21]. Specifically the similarity scorebe-
tweenthe ith positionof proteins X profile, andthe jth po-
sition of proteinsY profileis givenby

20
Sxy(i,j) = > PSFMx(i,k) PSSM-(j, k) +
k=1
20
> " PSFMy(j, k) PSSMx (i, k),

k=1

@)

where PSFMy (i, k) and PSSM (i, k) (PSFMy(j, k) and
PSSM (j, k)) arethevaluescorrespondingo the kth amino
acid at the ith (jth) position of X's (Y's) position-specific
scoreandfrequeng matrices.

Equation2 determineghe similarity betweentwo profile
positionsby weightingthe position-specifiscoresof onese-
guenceccordingo thefrequeng atwhichthecorresponding
aminoacidoccursin thesecondsequence’profile. Notethat
by construction Equation2 leadsto a symmetricsimilarity
score. The key differencebetweenEquation2 andthe cor-
respondingschemeusedin [21] (referredto asPICASSO3),
is that our measurausesthe target frequencieswhereashe
schemeof [21] wasbasedon effective frequencies.Our ex-

perimentgnotincludedhere)indicatethattargetfrequencies
leadto betterresults.

2.4 Windo w-based Kernels

Thefirst classof profile-basedternelfunctionsthatwe devel-
opeddetermineghe similarity betweena pair of sequences
by combiningthe ungappealignmentscoresof certainfixed
length subsequence§eferredto as wmers). Given a se-
quenceX of lengthn anda usersuppliedparametetw, the
wmer at position: of X (w < i < n — w) is definedto be
the (2w + 1)-lengthsubsequencef X centeredatpositioni.
Thatis, thewmer containse;, thew aminoacidsbefore,and
thew aminoacidsafterz;. We will denotethis subsequence
aswmerx (7).

Note that wmersare nothing more than the fixed-length
windows used extensiely in secondarystructure predic-
tion andin capturinglocal sequenceénformation arounda
particular sequenceposition. Also, for someof the ker
nel functions describednext, they also correspondto the
kmersusedby someof thefeature-spacderivedkernelfunc-
tions[17, 18, 16].

2.4.1 All Fixed-width wmers (AF-PSSM). The

AF-PSSMkernelcomputeghe similarity betweena pair of

sequencesy andY by adding-upthe alignmentscoresof

all possiblewmersbetweenX andY that have apositive

ungappedalignmentscore. Specifically if the ungapped
alignmentscorebetweentwo wmersat positions: andj of

X andY’, respectiely is denotedy wscorex y (i, 5), n and
m arethe lengthsof X andY, respectiely, andP,, is the

setof all possiblewmer-pairsof X andY with a positive

ungappedlignmentscore|.e,

Pw = {(wmerx (i), wmery (j)) | wscorex,y (i,7) > 0}, (3)

forw+1<i<n-—wandw+1 < j < m— w, thenthe
AF-PSSMkernelcomputeghe similarity betweenX andY
as
AF-PSSMy vy (w) = Z wscorex,y (i,7). 4
(wmer x (i), wmery (j))€Pw
The ungappedalignment score betweentwo wmers is
computed using the profile-to-profile scoring method of
Equation2 asfollows:

wscorex,y (i,7) = Z Sxy(@+k,j+k). (5)
k=—w
Note that both the AF-PSSMkernelandthe Profile ker
nel[16] determinghe similarity betweera pair of sequences
by consideringhow all of their fixed-lengthsubsequences
are relatedin view of sequencerofiles. However, unlike
the feature-spaceasedapproachemployed by Profile, the
AF-PSSMkernelsdeterminethe wmer-basedsimilarity of
two sequencedy comparingall of their possiblewmers
directly. This allows suchkernelsto precisely determine



whethertwo wmersaresimilar or not. In addition,compared
to the neighborhoodntersection-baseschemesmployed by
Profile, by utilizing profile-basedingappedlignmentscores
theAF-PSSMkernelcanprovide betterquantitatve estimates
of thedegreeto which two wmersaresimilar.

2.4.2 Best Fixed-width wmer (BF-PSSM). In deter
mining the similarity betweera pair of sequenceX andY’,
the AF-PSSMkernelincludesinformationaboutall possible
wmer-level local alignmentsbetweerthem. In light of this
obsenation, it canbe thoughtof asa specialcaseof the LA
kernelsproposedy Saigoetal [26], which computethe sim-
ilarity betweera pair of sequenceasthe sumof the optimal
local alignmentscoreswith gapsbetweerall possiblesubse-
quence®f X andY.! Theresultsreportedn [26] shawv that
takinginto accountall possiblealignmentdeadsto betterre-
sults.

To seewhetheror not this is true in the contet of the
profile-dervedwmer-basedkernels we developeda scheme
thatattemptgo eliminatethis multiplicity by computingthe
similarity betweena pair of sequencebasedon a subsetof
the wmersusedin the AF-PSSMkernel. Specifically the
BF-PSSMkernel selectsa subsetP;, of P, (asdefinedin
Equation3) suchthat(i) eachpositionof X andeachposition
of Y is presenin at mostonewmer-pair and(ii) the sumof
the wscoresof the selectedpairsis maximized. GivenP;,,
thesimilarity betweerthepair of sequenceis thencomputed
asfollows:

BF-PSSM,y (w) = Zwscor@x,y(i,j). (6)

(wmer(X,i),wmer(Y,j)) P,

Theway thatBF-PSSMselectghe wmersto beincluded
in P, canbe betterunderstoodf the possiblewmer-pairs
in P, areviewedasformingann x m matrix, whoserows
correspondo the positionsof X, columnsto the positionsof
Y, andvaluescorrespondo the respectie wscores.Within
this context, P,, corresponds$o a matchingof the rows and
columns[24] whoseweightis high (bipartite graphmatch-
ing problem). Sincethe selectionforms a matching,each
positionof X (or Y) contritutesa single wmer in Equa-
tion 6, andassuch,eliminatesthe multiplicity presenin the
AF-PSSMkernel. At thesamdime, sincewe areinterestedn
a highly weightedmatching,we try to selectthe bestwmers
for eachposition. In our algorithm,we usea greedyalgo-
rithm to incrementallyconstructP;, by includingthe highest
weightwmersthatarenotin conflictwith the wmersalready
inP,,.

Note that an alternateway of definingP., is to actually
look for the maximum weight matching(i.e., the match-
ing whoseweightis the highestamongall possiblematch-
ings). However, the complity of the underlying bipar

1The major differencesare that the AF-PSSMkernel is profile-avare,
only considerdixed-lengthwmers andusesungappedlignments.

tite maximumweight matchingproblemis relatively high
(O(n?*m + nm?) [24]), andfor thisreasorwe usethegreedy
approach.

2.4.3 Best Variable-width wmer (BV-PSSM). In
fixed-widthwmer-basedkernelsthe width of the wmersis
fixedfor all pairsof sequenceandthroughouthe entirese-
quence. As a result, if w is setto a relatively high value,
it may fail to identify positive scoringsubsequenceshose
lengthis smallerthan2w + 1, whereasf it is settoo low,
it may fail to reward sequence-pairthat have relative long
similar subsequences.

To overcomehis problemwe developedakernel referred
to asBV-PSSM,whichis derivedfrom the BF-PSSMkernel
but operatesvith variablewidth wmers. In particular given
a usersuppliedwidth w, it considergshe setof all possible
wmer-pairswhoselengthrangefrom oneto w, i.e.,

Prow=P1U...UPy, (7)

and amongthem, it usesthe greedyschemeemployed by
BF-PSSMto selecta subsetP; , of wmer-pairsthatform
a high weight matching. The similarity betweerthe pair of
sequencess thencomputedasfollows:

BV-PSSMy,y (w) = Zwscorex,y(i7j). (8)

(wmer(X,i),wmer(Y,j))EP]

Sincefor eachpositionof X (andY’), P;_,, is constructedby

includingthehighesiscoringuwmer for i thatdoesnotconflict

with the previous selectionsthis schemecan automatically
selectthe highestscoringwmer whoselengthcanvary from

oneupto w; thus,achiezing thedesiredeffect.

2.5 Local Alignment-based Kernels

(SW-PSSM)

The secondclassof profile-basedkernelsthat we examine
computethe similarity betweera pair of sequenceX andY
by findinganoptimalalignmentbetweerthemthatoptimizes
a particularscoringfunction. Therearethreegeneraklasses
of optimalalignment-baseschemeshatarecommonlyused
to compareprotein sequences.Theseare basedon global,
local, andglobal-local(alsoknown asend-spacéree) align-
mentg7]. Ourexperimentswith all of theseschemegndicate
thatthosebasedn optimallocal alignmentqalsoreferredto
as Smith-Watermanalignmentg28]) tendto producesome-
what betterresults. For this reasonwe usethis methodto
derive aprofile-basedalignmentkernel,which is referredto
asSW-PSSM.

Given two sequences{ andY of lengthsn andm, re-
spectvely, the SW-PSSMkernelcomputegheir similarity as
the scoreof the optimal local alignmentin which the sim-
ilarity betweentwo sequencepositionsis determinedusing
theprofile-to-profilescoringschemenf Equation2, andapo-
sition independenaffine gapmodel. Theactualalignmentis



computedisingtheO(nm) dynamicprogrammingalgorithm
developedby Gotoh[4].

Within this local alignment framework, the similarity
scorebetweena pair of sequenceslependson the partic-
ular valuesof the affine gap model (i.e., gap-openinggo)
andgap-etension(ge) costs)andtheintrinsic characteristics
of the profile-to-profilescoringscheme. In orderto obtain
meaningfullocal alignmentsthe scoringschemehatis used
shouldproducealignmentswvhosescoremuston averagebe
negativewith themaximumscorebeingpositive [28]. A scor
ing systemwhoseaveragescoreis positive will tendto pro-
ducevery long alignmentspotentiallycovering segmentsof
low biologically relevantsimilarity. Onthe otherhand,if the
scoringsystemcannoteasily producealignmentswith posi-
tive scoresthenit mayfail to identify ary non-emptysimilar
subsequences.

To ensurehatthe SW-PSSMkernelcancorrectlyaccount
for the characteristicef the scoringsystem,we modify the
profile-to-profilescoresalculatedrom Equation? by adding
a constantvalue. This scheme,commonlyreferredto as
zeo-shifting[30], ensureghatthe resultingalignmentshave
scoresthat on the averageare negative while allowing for
positive maximumscoresn ourschemetheamountf zero-
shifting,denotedy zs is keptfixedfor all pairsof sequences,
asa limited numberof experimentswith sequence-paspe-
cific zsvaluesdid notproduceary betterresults.

2.6 From Similarity Measures to Mercer Ker-
nels

Any function can be used as a kernel as long as for
ary numbern and ary possibleset of distinct sequences
{X1,...,X,}, then x n Grammatrix definedby K, ; =
K(X;, X;) is symmetricpositive semidefinite. Thesefunc-
tions are saidto satisfy Mercers conditionsand are called
Mercerkernels,or simply valid kernels.

The similarity basedfunctionsdescribedn the previous
sectionganbeusedaskernelfunctionsby setting (X;, X;)
to be equal to one of AF-PSSMy, x;, BF-PSSM, x,,
BV-PSSM, x,, or SW-PSSM, x,. However, theresulting
functionswill notnecessarilyeadto valid Mercerkernels.

To overcomehis problemwe usedtheapproactdescribed
in [26] to corverta symmetricfunctiondefinedon the train-
ing setinstancesdnto positive definite by addingto the di-
agonalof the training Grammatrix a sufiiciently large non-
negative constant. Specifically for each similarity-based
training Gram matrix, we foundits smallestnegative eigen-
valueandsubtractedt from the diagonal. Theresultingker
nel matrix s identicalto the similarity-basedsrammatrix at
all positionsexpectthosealongthe main diagonal. We also
experimentedwith the empirical kernel map approachpro-
posedin [27], but we find thatthe eigervalue-basedcheme
producedsuperiomresults.

3 Experimental Design
3.1 Dataset Description

We evaluatedthe classificationperformanceof the profile-
basedkernelson asetof proteinsequencesbtainedrom the
SCOP (StructuralClassificationof Proteins)databasg22].
Weformulatedwo differentclassificatiorproblems Thefirst
wasdesignedo evaluatethe performanceof the algorithms
for the problemof homologydetectionwhenthe sequences
have low sequencsimilarities(i.e.,theremotehomologyde-
tectionproblem),whereaghe secondvasdesignedo evalu-
atethe extentto which the profile-basedernelscanbe used
to identify the correctfold whenthereare no apparentse-
quencssimilarities(i.e., thefold detectiorproblem).

3.1.1 Remote Homology Detection (Superfamily

Detection).  Within the contet of the SCOPdatabasere-

motehomologydetectionwassimulatedoy formulatingit as
a superaimily classificationproblem. The samedatasetand
classificatiorproblems? have beenusedin a numberof ear

lier studieq19, 11, 26] allowing usto performdirectcompar

isonsontherelative performancef thevariousschemesThe
dataconsistedof 4352 sequencefrom SCOPversion1.53
extractedfrom the Astral databasegroupednto familiesand
superimilies. The datasetvasprocessedo thatit doesnot
containary sequenceairswith an E-valuethresholdsmaller
than10~2°. For eachfamily, the proteindomainswithin the
family were consideredpositive test examples,and protein
domainswithin the superéimily but outsidethe family were
consideregositive trainingexamples.This yielded54 fami-

lies with atleast10 positive trainingexamplesand5 positive

testexamples Negative exampledfor thefamily werechosen
from outsideof the positive sequencesfold, andwereran-
domly splitinto trainingandtestsetsin the sameratio asthe
positive examples.

3.1.2 Fold Detection. Employingthesamedataseand
overall methodologyasin remotehomologydetection,we
simulatedfold detectionby formulatingasa fold classifica-
tion within the context of SCOPS hierarchicalclassification
schemeln this setting,proteindomainswithin the samesu-
perfamily were consideredo be as positive test examples,
and protein domainswithin the samefold but outsidethe
superémily were consideredas positive training examples.
This yielded23 superamilieswith at least10 positive train-
ing and 5 positive test examples. Negative examplesfor
the superémily were choserfrom outsideof the positive se-
quencesfold and split equallyinto testand training sets.
Sincethe positive testandtraining instancesvere members
of differentsuperéimilieswithin thesamefold, thisnew prob-

2The datasetand classification problem definitions are available at
http://www.cs.columbia.edu/compb&/m-paiwise.

3The classification problem definitions are
http://bioinfo.cs.umn.edu/supplentsfemot-homology.

available at



lem is significantly harderthanremotehomologydetection,
asthe sequence the differentsuperémiliesdid not have
ary apparensequencsimilarity [22].

3.2 Profile Generation

The position specificscoreand frequengy matricesusedby
the profile-basedscoring methodof Equation2 were gen-
eratedusingthe latestversionof the PSI-BLAST algorithm
(available in NCBI's blast release2.2.10), and were de-
rived from the multiple sequencealignmentconstructedaf-

ter five iterationsusing an e value of 10~3 (i.e., we used
bl astpgp -j 5 -e 0.001). ThePSI-BLASTwasper

formedagainstNCBI's nr databasehat was downloadedin

Novemberof 2004andcontained,171,93&equences.

3.3 SVM Learning

We usethe publicly available supportvector machinetool
svMmlight [13] thatimplementsan efficient soft mawgin op-
timization algorithm. Following the approachusedby the
LA-K ernel[26], for ary given positive semi-definitekernel
Grammatrix K (., .) to betestedwe first normalizethe points
to unit normin thefeaturespaceandseparatehemfrom the
origin by addinga constantthatis, we constructhekernel

K(X,Y)

KxY) = KX, X) KL(Y.Y)

+1, (©)]

whichis thenprovidedasinputto svMmlight Notethatunlike

previouswork [12, 19, 26], we do not performary additional
class-dependerkernel regularizationto accountfor classes
of differentsize. Thus, the resultsreportedfor the kernels
that we developedcan potentially be furtherimproved after

suchregularizations.

3.4 Evaluation Methodology

We measuredhequality of the method<y usingtherecever
operatingcharacteristi¢€ROC) scorestheROC50scoresand
the medianrateof falsepositves(mRFP).The ROC scoreis
the normalizedareaundera curve that plots true positives
againstfalse positives for different possiblethresholdsfor
classificatiorj6]. TheROC50scoreis theareaundertheROC
curve up to thefirst 50 falsepositives. Finally, the mRFPis
the numberof falsepositives scoringas high or betterthan
themedian-scoringrue positives.

Among theseevaluationmetrics,dueto the fact that the
positive classis substantiallysmallerthanthe negative class,
the ROC50is consideredo be the mostuseful measureof
performancdor real-world applicationg6]. For this reason,
our discussionsn therestof this sectionwill primaryfocus
on ROC50-basedomparisons.

Tablel: Comparatie performancef thewindow-basedker-
nelfunctionsthatrely on sequencerofiles.

Superamily-level

Fold-level

Kernel ROC ROC50 mRFP ROC ROC50 mRFP
AF-PSSM(1) 0.965 0.692 0.022 0.851 0.275 0.143
AF-PSSM(2) 0.978 0.816 0.013 0.909 0.338 0.075
AF-PSSM(3) 0.976 0.833 0.014 0.904 0.340 0.080
AF-PSSM(4) 0.956 0.816 0.019 0.9110.374 0.067
BF-PSSM(1) 0.967 0.794 0.025 0.906 0.359 0.082
BF-PSSM(2) 0.980 0.854 0.015 0.928 0.419 0.059
BF-PSSM(3) 0.977 0.853 0.016 0.918 0.408 0.069
BF-PSSM(4) 0.965 0.830 0.031 0.918 0.414 0.060
BV-PSSM(1) 0.965 0.808 0.027 0.900 0.423 0.088
BV-PSSM(2) 0.973 0.855 0.018 0.927 0.475 0.052
BV-PSSM(3) 0.966 0.851 0.022 0.936 0.480 0.046
BV-PSSM(4) 0.963 0.850 0.026 0.9410.481 0.043

Theparameteassociateavith eachkernelcorrespondso thewidth of thewmer used
to definethe kernel. The ROC500f the bestperformingvalueof w for eachkernelis
shavn in bold, andthe overall bestROC50is alsounderlined.

4 Results

4.1 Performance of the Window-based Ker-
nels

Table 1 summarizesthe performanceachieved by the
window-basedkernelsfor the superimily- and fold-level
classificatiomproblemsacrossa rangeof w values.

Theseresultsshawv thatfor boththesuperéimily- andfold-
level classificationproblems the BV-PSSMkernelachieves
the bestresults,the AF-PSSMkerneltendsto performthe
worst, whereasthe BF-PSSMkernels performances be-
tweenthesewo. In thecaseof superimily classificationthe
performancedwantageof BV-PSSMover thatof BF-PSSM
is relatively small, whereadn the caseof fold classification,
theformerhasaclearadwantagelt achis’esanROC50value
thatis on averagel6.3%betteraccrosghe differentwindow
lengths.

Comparingthe sensitvity of the threeschemedasedon
thevalueof w, we seethat,asexpectedtheir performancés
worsefor w = 1, asthey only considerwmersof length3,
andtheir performancémproves ashe valueof w increases.
In general,the BV-PSSMkernel performsbetterfor larger
windows, whereaghe performancef theotherkernelstends
to degrademorerapidly asthelengthof thewindow increases
beyonda point. Again, this resultis consistentwith the de-
sign motivation behindthe BF-PSSMkernel. Also, the re-
sultsshawv thatthe bestvalueof w is alsodependenbn the
particularclassificationproblem. For mostkernels,the best
resultsfor fold classificationwereobtainedwith longerwin-
dows comparedo the superamily classification.

To seethe effect of using sequenceprofiles, we per
formed a sequenceof classificationexperimentsin which
we usedthe samesetof window-basedkernelfunctions,but
insteadof scoringthe similarity betweentwo amino acids
using the profile-basedscheme(Equation2), we usedthe



Table2: Comparatie performancef thewindow-basedker-
nelfunctionsthatrely onBLOSUMG62.

Table 3: Comparatie performanceof the local alignment-
basedkernelfunctionsthatrely on sequencerofiles.

Superémily-level Fold-level

Superémily-level Fold-level

Kernel ROC ROC50 mRFP ROC ROC50 mRFP Kernel ROC ROC50 mRFP ROC ROC50 mRFP
AF-GSM(1) 0.906 0.403 0.068 0.720 0.093 0.288 2.0,0.125,0.0 0.972 0.784 0.014 0.867 0.377 0.111
AF-GSM(2) 0.921 0.461 0.055 0.739 0.118 0.255 2.0,0.250,0.0 0.972 0.791 0.014 0.873 0.334 0.114
AF-GSM(6) 0.926 0.549 0.048 0.7700.197 0.217 3.0,0.125,0.0 0.971 0.796 0.013 0.860 0.382 0.133
AF-GSM(7) 0.923 0557 0.056 0.777 0.192 0.210 3.0,0.250,0.0 0.960 0.771 0.027 0.852 0.395 0.138
3.0,0.750, 1.5 0.982 0904 0.015 0.933 0.530 0.052
BF-GSM(1) 0904 0.488 0071 0.803 0.166 0.177 340750 20 0979 0901 0.017 0.9360.571 0.054
BF-GSM(2) 0.923 0.584 0.064 0.808 0.189 0.162 T e o] TevAeTo T _
ethreeparametersor eachkernelcorrespondo thevaluestor the gapopening,gap
BF'GSM(G) 0.934 m 0.053 0.822 0.240 0.157 extension,andzero-shiftparametersiespectiely. The ROC500f the bestperforming
BF-GSM(7) 0.933 0.665 0.056 0.812 0.236 0.178 schemds underlined.
BV-GSM(1) 0.906 0.486 0.070 0.808 0.167 0.176 4.2 Performance of the Local Alianment-
BV-GSM(2) 0.919 0571 0.064 0.808 0.182 0.166 ' based Kernels 9
BV-GSM(6) 0.930 0.666 0.052 0.840 0.242 0.140
BV-GSM(7) 0.929 0.658 0.054 0.8450.244 0.133

Theparametemssociateavith eachkernelcorrespondso thewidth of thewmer used
to definethe kernel. The ROC500f the bestperformingvalueof w for eachkernelis
shawn in bold, andthe overall bestROC50is alsounderlined.

BLOSUMBG62 position-independergcoringmatrix. The re-
sultsobtainedrom theseexperimentsaresummarizedn Ta-
ble 2. In this table,AF-GSM, BF-GSM, andBV-GSM refer
to the BLOSUM62-\ariantsof the correspondingvindow-
basedkernels(GSM standdor global scoringmatrix).

Theseresultsclearly illustrate the advantageof usingse-
guenceprofilesin designingkernelfunctionsfor bothremote
homologydetectionandfold recognition. The profile-based
kernelfunctionsachiese significantimprovementsover their
non-profilecounterpartsicrossall differentkernelfunctions,
classificatiorproblemsandmetrics.

Comparingthe performanceof the profile-basedckernel
functions acrossthe two classificationproblems, we see
thattheir overall effectivenessn remotehomologydetection
(superémily-level classificationjs muchhigherthanthat of
fold recognition. This resultis in line with the underlying
complity of the classificationproblem, as the sequence-
basedsignalsfor fold recognitionare extremelyweak. This
is also manifestedby the relative improvementachieved by
the profile-basedkernel functions over their BLOSUM62-
basedcounterpartgTables1 and 2). For fold recognition,
theROC50valuesof the profile-basedernelsarehigherthan
thosebasedon BLOSUM®62 by a factorof two, whereagfor
remotehomologyprediction,the relatve ROC50valuesare
higherby 25%—30%.

In light of the previously published results on LA-
Kerneld26], thebetterresultsachieredby the BF-PSSMand
BV-PSSMkernelsoverthoseachievedby the AF-PSSMker
nel (which also hold for their correspondingLOSUM®62-
basednstance®f thesekernels)weresurprising.Oneexpla-
nationfor this discrepang may be the factthatour window-
basedkernels consideronly short-lengthungappedalign-
ments,andthe resultsmay be differentwhenlongeralign-
mentswith gapsareconsideredswell.

Table 3 summarizeghe performanceachieved by the opti-
mal local alignment-basedernel for the superaimily- and
fold-level classificationproblemsacrossa representatie set
of valuesfor the gap-openinggap-etension,and zero-shift
parametersTheseparameteralueswere selectedafter per
forming a studyin which the impactof a large numberof
value combinationswas experimentallystudied,and repre-
sentsomeof the bestperformingcombinationsDueto space
constraintsthis parametestudyis notincludedin this paper

Themoststriking obsenationfrom theseresultsis thema-
jor impactthatthezero-shiffparametehasto theoverallclas-
sification performance.For both the superamily- and fold-
level classificatiorproblemsthe bestresultsare obtainedby
the SWLPSSMKkernelfor which the zeroshift parametehas
beenconsiderechnd optimized(i.e., the resultscorrespond-
ing to thelasttwo rows of Table3).

Comparing the classification performance of the
SWPSSM kernel against the window-based kernels
(Table 1) we seethat the zero-shift optimized SW-PSSM
kernel leads to better results than those obtainedby the
window-basedkernels. Moreover, the relative performance
advantageof SW-PSSMis higherfor fold recognitionover
the superémily classificationproblem. However, if the
SW-PSSMkerneldoesnot optimizethe zero-shiftparameter
(i.e., zs = 0.0), the window-basedkernels consistently
outperformthe SW-PSSM kernel. We also performeda
limited numberof experimentgo seethe extentto whichthe
performanceof the window-basedkernelscan be improved
by explicitly optimizingthe zero-shiftparametefor themas
well. Our preliminaryresultsshowv thatthesekernelsarenot
significantly affectedby suchoptimizations. However, we
arein the proces®f furtherinvestigatingts impact.

To alsoseethe impactof sequencrofilesin the context
of kernelsderived from optimallocal alignmentswe evalu-
atedtheclassificatiorperformancef asetof kernelfunctions
thatcomputethe optimallocal sequencalignmentusingthe
BLOSUMA45andBLOSUM62 aminoacid scoringmatrices.
Table4 shavs someof theresultsobtainedwith thesekernel



Table 4: Comparatie performanceof the local alignment-
basedkernelfunctionsthat rely on BLOSUM45 and BLO-
SUM62.

Superamily-level Fold-level

Kernel ROC ROC50 mRFP ROC ROC50 mRFP
B45,3.0,00 0.944 0.686 0.037 0.809 0.165 0.169
B45,10.0,0.0 0.940 0.687 0.042 0.789 0.200 0.185
B62,3.0,00 0.947 0.686 0.038 0.781 0.188 0.217
B62,10.0,00 0.912 0.599 0.060 0.781 0.182 0.185
B62,5.0,0.5 0.948 0711 0.039 0.826 0.223 0.176

B62,5.0,1.0 0.946 0711 0.038 0.808 0.214 0.155

Thethreeparameter$or eachkernelcorrespondo the particularglobal scoringmatrix
(B45for BLOSUM45andB62 for BLOSUM®62)andthevaluesfor thegapopeningand
zero-shiftparametersiespectiely. In all casesthe gapextensioncostwassetto 1.0.
The ROC500f the bestperformingschemes underlined.

functionsfor a representatie setof valuesfor the gapopen-
ing, gapextensionandzero-shiftparameters.

Comparingheresultsof Table4 with thoseof Table3 we
seethat, aswasthe casewith the window-basedkernels,in-
corporatingprofile informationleadsto significantimprove-
mentsin the overall classificationperformanceIn addition,
theseresultsshaw that (i) the widely usedvaluefor the gap-
openingcost(go = 10) is not necessarilyhe bestfor either
remotehomologydetectionor fold recognition,and (ii) the
classificationperformanceachiezed by local alignmentker
nelsderivedfrom the BLOSUM matricescanbe furtherim-
proved by explicitly optimizing the zero-shiftparameteras
well.

4.3 Comparisons with Other Schemes

Tables5 and6 compargheperformancef thevariouskernel
functionsdevelopedin this paperagainstthat achiezed by a
numberof previouslydevelopedschemesor thesuperbimily-

and fold-level classificationproblems,respectiely. In the
case of the superfmily-level classification problem, the
performancds comparedagainstSVM-Fisher[12], SVM-

Pairwise[19], anddifferentinstance®f the LA-K ernel[26],

SVM-HMMSTR [11], Mismatch[18], and Profile [16]. In

the caseof the fold-level classificationproblem,we only in-

cluderesultsfor the LA-K ernelandProfile schemesasthese
resultscould be easily obtainedfrom the publicly available
dataand programsfor theseschemes.(Obtainingcompar

ative performancenumbersfor the otherkernelfunctionsis

currentlyunderway.)

Theresultsin thesetablesshawv thatboththewindow- and
local alignment-basedernelsderived from sequencepro-
files(i.e., AF-PSSM,BF-PSSM BV-PSSM,andSW-PSSM)
leadto resultsthat arein generalbetterthanthoseobtained
by existing schemes. Comparingthe ROC50 values ob-
tainedby our schemeswe seethat eachone of them out-
performsall existing schemes.The performanceadvantage
of thesekernelsis greaterover existing schemeghat rely
on sequenceanformation alone (e.g., SVM-Pairwise, LA-
Kernels) but still remainssignificantwhencomparedgainst

Table 5: Comparisonagainst different schemesfor the
superamily-level classificatiorproblem.

Kernel ROC ROC50 mRFP
SVM-Fisher 0.773 0.250 0.204
SVM-Pairwise 0.896 0.464 0.084
LA-eig(8 = 0.2) 0.923 0.661 0.064
LA-eig(8 = 0.5) 0.925 0.649 0.054
SVM-HMMSTR-Ave — 0.640 0.038
Mismatch 0.872 0.400 0.084
Profile(4,6) 0.974 0.756 0.013
Profile(5,7.5) 0.980 0.794 0.010
AF-PSSM(2) 0.978 0.816 0.013
BF-PSSM(2) 0.980 0.854 0.015
BV-PSSM(2) 0.973 0.855 0.018
SW-PSSM(3.0,0.750,1.50) 0.982 0.904 0.015
AF-GSM(6) 0.926 0.549 0.048
BF-GSM(6) 0.934 0.669 0.053
BV-GSM(6) 0.930 0.666 0.052
SWGSM(B62,5.0,1,0.5) 0.948 0.711 0.039

TheSVM-Fisher SVM-Pairwise,LA-K ernel,andMismatchresultswereobtainedrom

[26]. The SVM-HMMSTR resultswereobtainedirom [11] andcorrespondo the best-
performingscheme(the authorsdid notreport ROC values). The Profile resultswere
obtainedlocally by runningthe publicly availableimplementationof the schemeob-

tainedfrom the authors. The ROC50 value of the bestperforming schemehasbeen
underlined.

schemeghat either directly take into accountprofile infor-

mation(e.g.,SVM-Fisher Profile)or utilize higherlevel fea-
tures derived by analyzing sequence-structurmformation
(e.g.,SVM-HMMSTR). Also, the relative advantageof our

profile-basedmethodsover existing schemess greaterfor

the much harderfold-level classificationproblem over the
superémily-level classificationproblem. For example,the
SWPSSMschemeachiezes ROC50 valuesthat are 13.8%
and 81.8% better than the best values achieved by exist-

ing schemedor the superémily- andfold-level classification
problemsyespectiely.

To geta betterunderstandingf the relative performance
of thevariousschemescrosghe differentclasseskiguresl
and?2 plot the numberof classesvhoseROC50wasgreater
thana giventhresholdthatrangesfrom 0 to 1. Specifically
Figure 1 shaws the resultsfor the remotehomologydetec-
tion problem wheread-igure2 shavs theresultsfor thefold
detectionproblem. (Note thatthesefigurescontainonly re-
sultsfor theschemeshatwe wereableto runlocally). These
resultsshav that our profile-basednethodslead to higher
ROCH50 valuesfor a greaternumberof classesthan either
the Profile or LA-kernels,especiallyfor larger ROC50 val-
ues(e.g. in therangeof 0.6 to 0.95). Also, the SW-PSSM
tendsto consistentlyoutperformthe restof the profile-based
directkernelmethods.

In addition, the resultsfor the BF-GSM, BV-GSM, and
SW-GSMkernelsthatrely ontheBLOSUM scoringmatrices
shawv thatthesekernelfunctionsarecapableof producingre-
sultsthatare superiorto all of the existing non-profile-based
schemes. In particular the properly optimized SW-GSM
schemds ableto achieve significantimprovementsover the
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Figure1l: Comparisorof the differentSVM-basedmethods
for remotehomologydetectioronthe SCOP1.53benchmark
dataset. The graph plots the total numberof families for
which a givenmethodexceedsan ROC-50scorethreshold.

Table6: Comparisoragainstdifferentschemedor the fold-

level classificatiorproblem.

Kernel

ROC ROC50 mRFP

LA-eig(3 = 0.2) 0.847 0.212 0.129
LA-eig(3 = 0.5) 0.771 0.172 0.193
Profile(4,6) 0.912 0.305 0.071
Profile(5,7.5) 0.924 0.314 0.069
AF-PSSM(4) 0.911 0.374 0.067
BF-PSSM(4) 0.918 0.414 0.060
BV-PSSM(4) 0.941 0.481 0.043
SW-PSSM(3.0,0.750,2.0) 0.936 0.571 0.054
AF-GSM(6) 0.770 0.197 0.217
BF-GSM(6) 0.822 0.240 0.157
BV-GSM(7) 0.845 0.244 0.133

SWGSM(B62,5,1.0,0.5) 0.826 0.223 0.176

Theresultsfor theLA-K ernelwereobtainedusingthepublicly availablekernelmatrices
thatare availableat the authors website. The Profile resultswere obtainediocally by
runningthe publicly availableimplementatiorof theschemenbtainedfrom theauthors.
The ROC50valueof thebestperformingschemeéhasbeenunderlined.

bestLA-K ernel-basedcheme(7.6% higher ROC50 value)
andthe bestSVM-HMMSTR-basedschemeg(15.1%higher
ROC50value).

5 Discussion and Conclusion

This paperpresentedand experimentallyevaluateda num-
berof kernelfunctionsfor proteinsequencelassificatiorthat
werederived by consideringexplicit measure®f profile-to-
profile sequencesimilarity. The experimentalevaluationin

the context of a remotehomologypredictionproblemanda
fold recognitionproblemshow that thesekernelsare capa-
ble of producingsuperiorclassificatiorperformanceverthat
producedy earlierschemes.

Threemajor obsenationscan be madeby analyzingthe
performanceachiesed by the variouskernel functionspre-
sentedin this paper First, as was the casewith a num-
berof studiesonthe accurag of proteinsequencalignment
[21, 30, 20], the properuseof sequencerofilesleadto dra-

Figure2: Comparisorof the differentSVM-basedmethods
for fold detectionon the SCOP1.53benchmarldatasetThe
graph plots the total numberof superémilies for which a
givenmethodexceedsan ROC-50scorethreshold.

matic improvementsin the overall ability to detectremote
homologsandidentify proteinsthatsharethe samestructural
fold. Secondkernelfunctionsthatareconstructedby directly
taking into accountthe similarity betweenthe various pro-
tein sequencetendto outperformschemeghatarebasedon

a feature-spaceepresentatiofwhereeachdimensionof the
spaceis constructedas one of k-possibilitiesin a k-residue
longsubsequenaar usingstructuraimotifs (Isites)in thecase
of SVM-HMMSTR). This is especiallyevident by compar

ing the relative advantageof the window-basedkernelsover
the Profile kernel. Third, time-testedmethodsfor compar

ing proteinsequencebasedon optimallocal alignmentgas
well as global andlocal-globalalignments),when properly
optimizedfor the classificatiorproblemat hand,leadto ker

nel functionsthat arein generalsuperiorto thosebasedon

either short subsequencefe.g., Spectrum,Mismatch, Pro-
file, or window-basedkernel functions) or local structural
motifs (e.g., SVM-HMMSTR). The fact that thesewidely

usedmethodsproducegoodresultsin the context of SVM-

basedclassificationis reassuringasto the validity of these
approachesndtheir ability to capturebiologically relevant
information.
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