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Abstract

Functionalannotationof newly sequencedgenomesis an importantchallengefor
computationalbiology systems.While muchprogresshasbeenmadetowardsscaling-
up experimentalmethodsfor functional assignmentto putative genes,most current
genomicannotationsystemsrely on computationalsolutionsfor homologymodeling
via sequenceor structuralsimilarity.

We presenta new methodfor remotehomologydetectionthatrelieson combining
probabilisticmodelingandsupervisedlearningin high-dimensionalfeaturesspaces.
Oursystemusesatransformationthatconvertsproteindomainsto fixed-dimensionrep-
resentative featurevectors,whereeachfeaturerecordsthe sensitivity of eachprotein
domainto a previously learnedsetof ‘protein motifs’ or ‘blocks’. Subsequently, the
systemutilizesSupportVectorMachine(SVM) classifiersto learntheboundariesbe-
tweenstructuralproteinclasses.Our experimentssuggestthatthis techniqueperforms
well relative to several other remotehomologymethodsfor the majority of protein
domainsin SCOP1.37PDB90.
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1 Intr oduction

The last decadehaswitnesseda consistentsurge in sequenceinformation,causedin
partby technologicalbreakthroughsin large-scalesequencingandthehumangenome
project.Themainchallengefacingmodernbiology is to interpretthisnewly generated
sequencedata,andperhapsmostsignificantly, in theshortterm,to assignfunction to
many putative genepredictions.High-throughputexperimentaltechniquesfor struc-
tural andfunctionalannotationsremainrelatively elusive, althoughsteadyprogressis
beingmade. Onecommonsolution to functionalannotationof putative genesis via
structuralclassificationand homologymodeling. The traditional and still the most
reliableways to determinethe 3-dimensional(3-D) structureof a protein areX-ray
crystallographyandNMR, which aretime-consuming,costly, andcurrentlyinfeasible
for someprotein families. Structuralgenomicsinitiatives(Burley et al. 1999)have
greatlyexpandedthecollectionof experimentallydeterminedproteinstructures.Nev-
ertheless,computationalapproachesremain,thusfar, theonly resortfor deducingthe
structureinformationof many sequences.

Evolutionarypressureforcestheretentionof sequencefeaturesimportantfor struc-
tureandfunction. This hasbeenthe main impetusbehindhomology-basedmethods,
which infer homologyfrom computedsequencesimilarity. Dynamicprogramming-
basedalignmenttoolssuchasSmith-Watermanandtheirefficientapproximationssuch
asBLAST (Altshul et al. 1990)andFASTA (Pearson1985)have beenwidely used
to provide evidencefor homologyby matchinga new sequenceagainsta databaseof
previouslyannotatedsequences.

Somehomologousproteinsare sufficiently evolutionarily divergent that they do
not exhibit significantsequencesimilarity. In orderto detectsuchweakor remoteho-
mologies,onecanutilize theconceptof proteinfamily or superfamily, whichdenotesa
groupof sequencessharingthesameevolutionaryorigin. Severalproteinclassification
schemeshave beendeveloped,namelySCOP(Murzin et al. 1995),CATH (Orango
et al. 1999),andFSSP(Holm andSander1995). Onecanbuild a statisticalmodel
for eachfamily or superfamily and thencomparea new sequenceto a collectionof
models.Computationalmethodsthatrelateasequenceto asuperfamily-specificmodel
oftenout-performpairwisesequencecomparisonmethods.

Examplesof superfamily-specificstatisticalmodelsincludesequenceprofiles(also
known aspositionspecificweightmatrices)(Altschulet al. 1997)andHiddenMarkov
Models(HMMs) (Eddy1998),(Krogh et al 1994),(Delcheret al 1993). Theseprob-
abilistic modelsareoften calledgenerative becausethey inducea probability distri-
bution over proteinsequencesthat cansubsequentlybe usedto ‘generate’members
of the family usingstochasticsimulation. Generative modelsaim to extract features
from sequenceswithin a family whoselikelihood is high. Generative probabilistic
modelscanbe contrastedto discriminative frameworks,which focuson learningthe
combinationof featuresthatdiscriminatemosteffectively betweenfamilies. Support
VectorMachine(SVM) andNeuralNetworksaretwo populardiscriminativemethods.
A discriminative framework is typically implementedusinga classificationmethodor
aclassifierthatlearnsa boundarybetweentwo or moreclasses.

Most recentlya new approach,thatcombinesgenerative anddiscriminative meth-
ods hasbeenintroducedand popularizedby (Kasif et al 1998) and (Jaakkola et al
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1999). The framework advocatedin (Kasif et al 1998)assumesthat we first learna
probabilisticmodelof nature(e.g., the setof all proteins). We thentransformevery
memberof theworld (e.g.,a protein)into a high-dimensionalfeaturevector. The el-
ementsof eachvectorareprobabilitiesor log-likelihoodscoresthatarecomputedby
the probabilisticgenerative model. Typically, theseprobabilitiesarecomputedwith
respectto theparametersof themodel.After transformingour spaceto sucha feature
vectorrepresentation,we thenusethesevectorsasinput to a learningenginethatuses
asupervisedclassificationmethodsuchasNearestNeighborClassifiers(aspecialcase
of KernelClassifiers).It canbe shown that this approachcanincreasethe classifica-
tion accuracy of thegenerativemodelwhentheassumptionsmadeby themodeldonot
accuratelyconformto reality, which is morecommonthannot.

In arecentindependentwork byJaakkola(Jaakkolaetal1999),agenerativemethod
(HMM) is combinedwith adiscriminativemethod(SVM) for detectingremoteprotein
homologies.An HMM is constructedfor eachproteinsuperfamily. It is thenusedto
computethegradientof thelog-probabilityof theproteinsequencebeingproducedby
the HMM with respectto eachof the parametersof the HMM (Jaakkola et al 1999).
In effect, theproteinsequenceis transformedinto a gradient-log-probabilityvector. A
SVM is thentrainedonthevectorsin orderto learntheboundarybetweeneachprotein
superfamily and“the restof the proteinuniverse”. This discriminative model-based
approachwasshown to besuperiorto usingHMMs alone.

In thispaper, weseekto developanapproachthathasanaturalbiologicalinterpre-
tation. Sincestructuralandfunctionalconstraintsplacedon proteinfamiliesarevery
complex, our approachaimsto facilitateanaturalexpressionof suchconstraints.

Therearetwo generalviewsthatattemptto explaintheconstraintsplacedonprotein
structures:(1) the local view, which considersonly 10-20%of residuesto becritical,
and(2) theglobalview, whichbelievesthatinteractionsoccuralongtheentiresequence
while individual residuescontributeminimally. A numberof studiesfound thatmost
single residuemutationsdo not have measurableeffect on protein function andpre-
sumablystructure(Matthews1987;Bowie et al. 1990);thesesupporttheglobalview.
On the otherhand,the local view is supportedby (Mirny et al. 1998),who showed
thata minimal setof residuesis requiredfor thefolding of proteinsin a physiological
timescale.Dosztanyi (Dosztanyi, 1997)reporteda minimal setof conservedresidues
asthestabilizationcentersin proteinstructures.It is highly probablethatthelocalview
is appropriatefor someproteinstructuresandtheglobalview for others.Besidesfold-
ing constraints,functioncandictateconservedsequenceandstructurefeatures(Kasuya
andThornton1999).

Conservedmotifstendtoappearin linearorderin homologoussequences.However
exceptionsdo exist as shown by the DNA methyltransferasefamily. The catalytic
domainsof DNA methyltransferasessharea commonstructuralfold while having the
major functionalmotifs permutedinto threedistinct linearorders(Gonget al. 1997).
Suchproteinfamiliesposeseriouschallengesfor linearHMMs andtheir derivatives.

In this paperwe presentandevaluatean approachsimilar in spirit to the method
developedby Jaakkola et al (1999)but which aims to be simplerandmoreflexible
in termsof representationalcomplexity. We mapeachproteinsequenceto an alter-
naterepresentationin a high-dimensionalvectorspace.We thenuseSVMs to classify
thesevectors.Thechoiceof SVMs asa classifieris motivatedby its effectivenessin
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achieving goodgeneralizationfrom relatively sparsetrainingdatain high dimensions
(Burges1998). Our representationof proteinsrelieson vectors,eachcomponentof
whichcorrespondsto thesimilarity of theproteinto a structurallyor functionallycon-
servedmotif, representedby theentriesin theBLOCKS database.In otherwords,we
representa proteindomainby recordingwhich of themotifs in BLOCKS it alignsto,
andhow similar the sequenceis to the motif. Our representationcoincideswith bio-
logical intuition, andin principlecanbemadeconsistentwith localandglobalfolding
constraints,functionalconstraints,aswell assequencenon-linearity. Theexperimen-
tal resultscomparefavorablyto HMM-basedmethodsfor mostof theproteinfamilies
testedin this experiment(seetheDiscussionsectionfor moredetails).

2 Systemand Methods

Ouralgorithmis implementedin PerlandcombinespublicdomainBLOCKSandSVM
software.We useaCompaqTru64multiprocessorenvironment.

3 Algorithm

Our procedurefor homologydetectionconsistsof two major steps.First we convert
all the proteinsequencesof interestto high dimensionalfeaturevectors. We create
eachvectorby scoringa setof pre-learntmotifs againsteachproteinsequence.Once
this transformationhastakenplace,wethenlearnSVM discriminatorsto separateeach
proteinfamily from “the restof the world”. We show this processin Figure1. The
descriptionof eachstepis givenbelow.

3.1 FeatureVector Generation

The first stepof our automatedprocedureconvertseachproteinsequenceor subse-
quenceof interestto a new representationof fixedlength. That is, a proteinsequence
of any length is convertedinto a featurevectorof fixed length. Eachdimensionof
thesefeaturevectorsrepresentsthesensitivity of theproteinto a particularbiological
motif. Therefore,in orderto createfeaturevectors,we first createor obtaina database
of short,highly conservedregionsin relatedproteindomains.Suchregionsareoften
called‘blocks’, ‘motifs’ or ‘probabilistictemplates’.

A motif is representedby a K by L matrix in which the K rows correspondto
differentaminoacids,andL representsthelengthof themotif. For proteinsequences,
K = 20. Eachcell of thematrix M(aminoacid,position)representstheprobabilityor
moretypically a log-likelihoodof seeingthataminoacidin thatposition.Thus,amotif
canbethoughtof asa 0-th orderMarkov model.A motif of lengthL is scoredagainst
aproteinby computingtheprobabilityof everysubsequenceof lengthL in theprotein
beinggeneratedby themodelthatcorrespondsto themotif.

Therearea numberof databasesof shortproteinmotifs availableon the Internet,
for exampleEMOTIF at Stanford. The BLOCKS database(Henikoff et al. 1994)is
anotherexample.Thetool BLIMPS (WallaceandHenikoff 1992)generatesaposition
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Figure1: OverallAlgorithm

specificscoringmatrix for eachblock in BLOCKS andscoresall possiblealignments
of a proteinquerysequenceusingthis matrix. For the experimentsin this paper, we
useBLIMPS to scorehits from BLOCKS in orderto generatefeaturevectorsfor each
proteinsequenceof interest. However, we suspectthat by creatinga motif database
specificto the proteinsof interest,evenmoremeaningfulfeaturevectorsmay be ob-
tainedsincethemotifs from a moregeneraldatabasesuchasBLOCKSmaynot occur
in theproteinsof interest.

To createafeaturevectorfor eachproteinsequencewesearchfor eachmotif in the
sequenceasdescribedabove. The resultis an N-dimensionalfeaturevectorwhereN
is the total numberof motifs in our database.In our casethedimensionalityis equal
to 10000. EachdimensionJ containsa scoredescribingthe degreeof alignmentof
motif J to theproteindomain.This processis shown in Figure2. For theexperiments
describedin thispaper(BLOCKShitsontheSCOP1.37PDB90database),thisprocess
resultedin verysparsefeaturevectors(97%sparsityon average).

For the casewherea motif is detectedmultiple timesin a domain,we canapply
a varietyof heuristics.For example,we cantake the maximumof all scoresfor that
block in thatdomainor thesumof suchscores.While thesumapproachhasa better
theoreticalmotivation,in our preliminaryexperiments,we foundthat takingthemax-
imum scoregivessuperiorclassificationperformance.We canalsoapplya threshold
suchthatscoresbelow acertainnumberaresetto zero.It is obviousthatgiventhecom-
pletesetof featurevectorsfor all proteindomainsin thetrainingset,wecanreducethe
dimensionalityof thesevectorsusingstandarddimensionreductiontechniquessuchas
PrincipalComponentsAnalysis(PCA).
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Figure 2: The procedureto generatefeaturevectorsfor proteins. Bi in the feature
vectoris the sumor maximumof the scores(dependingon the approach)for the ith
block in themotif databasefoundin theprotein.

3.2 Construction of SVM Classifiers

Given the labeledfeaturevectors,we learn SupportVector Machine(SVM) classi-
fiers(Burges1998)to separateeachgivenstructuralproteinclassfrom “the restof the
world”. A SVM classifierlearnsa separating‘thick’ hyperplanebetweentwo classes
which maximizesthe ‘margin’. This margin roughly correspondsto the distancebe-
tweenthe points residingon the edgesof the hyperplane. The appealof SVMs is
twofold. First they do not requireany complex tuningof parameters,andsecondthey
exhibit a greatability to generalizegiveasmalltrainingcorpora.They areparticularly
amenablefor learningin high dimensionalspaces.AppendixA givesa shortdescrip-
tion of theSVM methodology.

The only significantparametersneededto tunea SVM arethe ‘capacity’ andthe
choiceof kernel. The capacityallows us to controlhow muchtolerancefor errorsin
theclassificationof trainingsampleswe allow. Capacitythereforeaffectsthegeneral-
izationability of the SVM andpreventsit from overfitting the trainingset. We usea
capacityequalto 10.

The secondtuning parameteris the kernel. The kernel function allows the SVM
to createhyperplanesin high dimensionalspacesthateffectively separatethe training
data.Oftenin theinput spacetrainingvectorscannotbeseparatedby a simplehyper-
plane.Thekernelallows transformingthedatafrom onespaceto anotherspacewhere
asimplehyperplanecaneffectively separatethedatain two classes.

In many previously reportedapplicationsof SVMs an additionalevaluationsetis
availablefor tuning the SVM parameters.However, for the experimentsreportedin
this paperno evaluationdatais readilyavailable.A commonlyfoundsolutiondeploys
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cross-validation. However, this solutionis computationallyexpensive. We usean al-
ternative methodologythat aims to avoid the searchfor the optimal kernel for each
classifierby usingonethat is sufficiently general.We primarily employ theGaussian
kernelfor all classifiers.Thevarianceof theassociatedGaussiankernelis computed
as the medianof the distancebetweenall vectors ��� in Class1 and ��� in Class2.
This guaranteesthat theGaussiankerneldistanceis in a reasonablerange.In termsof
capacitywe choosea valuethat is closeto theabsolutemaximumkerneldistance,in
our case10.0. This choiceof capacityguaranteesthenumericalstability of theSVM
algorithmandprovidessufficientgeneralization.Thissolutionis acleanway to setthe
tunedparameterssolelybasedon thetrainingset.

We alsoreportexperimentalresultsusinga linear supportvectormachine,which
comparefavorably with the above solution. This suggestthat the main advantageof
our methodis thechoiceof representationthatcombinesprobabilisticmotifs with su-
pervisedclassification.

An additionaltuningstepconsistsof settingtheoperatingpoint of theclassifierto
controltheamountof falsenegatives.In our implementationwefind a thresholdvalue
suchthat any scorereturnedby the SVM that is biggerthanthis guaranteesno false
negatives.

To determinewhetheranunlabeledproteinbelongsto a particularstructuralclass,
we testit usingtheSVM createdfor thatclass.TheSVM classifierproducesa ‘score’
representingthedistanceof thetestingfeaturevectorfrom themargin. Thelarger the
score,the further away the vector is from the margin andthe moreconfidentwe are
of the classifier’s output. If the scoreis below the thresholdset above we classify
thevector(andhencethecorrespondingprotein)asbelongingto thatparticularclass.
Otherwise,it is classifiedasnot belongingto theclass.

4 Results

We investigatetheperformanceof our techniqueon version1.37PDB90of theSCOP
database(Murzin et al. 1995). SCOPprovidesa detailedandcomprehensivedescrip-
tion of the relationshipsof all known proteins’ structures.The classificationis into
four hierarchicallevels: class,commonfold, superfamily andfamily. Family andsu-
perfamily levelsdescribenearandfar evolutionaryrelationships.Fold levelsdescribe
geometricalrelationships.Theunit of classificationis theproteindomain. In our ex-
perimentswe investigatehow well ourmethodcanclassifysuperfamilies.

Theuseof SCOP1.37PDB90allowsdirectcomparisonwith previouswork onre-
motehomologydetectionusingSVM classifiersin conjunctionwith vectorsgenerated
usingHMMs (Jaakola et al. 1999). Thetrainingandtestingsetsusedin this previous
workareavailableonlinefromhttp://www.cse.ucsc.edu/research/compbio/discriminative/
sowe areableto duplicatetheexperimentsexactly.

4.1 Testingand Training Sets

SCOP1.37 PDB90 containsprotein domains,no two of which have 90% or more
aminoacid identity. All SCOPfamiliesthat containat least5 PDB90sequencesand
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have at least10 PDB90sequencesin the otherfamiliesin their superfamily werese-
lectedfor positivetestingsets,resultingin 33 testingfamiliesfrom 16superfamiliesas
listedin Table1. In theexperimentstwo typesof positive trainingsetsareused:

1. A small trainingsetthatcontainsonly thePDB90sequencesof all the families
of thesuperfamily containingthepositive testingfamily (exceptthepositive test
family).

2. An enhanced(andthereforesignificantlylarger)trainingsetthatcontainsall the
homologsfoundby eachindividualSAM-T98 (Hughey andKrogh1998)model
built for the selectedguidesequencesthatbelongto the superfamily but not to
thetestitself, in additionto thesePDBsequences.

Thenegative testingandtrainingsetsareconstructedfrom PDB sequencesin the
foldsotherthanthefold containingthepositive testfamily.

4.2 ClassificationUsingHMMER

In additionto comparingour techniqueof remotehomologydetectionto thatdescribed
in (Jaakolaet al. 1999)we alsoinvestigateanHMM-basedclassifier. This is basedon
utilities of theHMMER 2 package(Eddy1998).We describethis techniquebelow.

4.2.1 Model Construction

Webuild aHMM modelfor eachof the33testingfamiliesasfollows.Firstwealignall
thedomainsin thepositivetrainingsetwithouthomologsusingthemultiplealignment
tool CLUSTALW (Thompsonet al. 1994). Then,usingthe hmmbuild tool, we build
HMM modelsbasedon thesemultiple alignments.We usethe default argumentsof
hmmbuild.

4.2.2 Model Scoring

We usehmmsearch with a very high E-Valueto scoreall proteinsin the testingset.
Theseproteinsarethenranked basedon the Bit- scoreto determinea thresholdthat
correctlyclassifiesall membersof the positive testset(0% falsenegatives). We then
computethefalsepositive rateproducedby this classificationandcompareto a simi-
larly computedfalsepositive ratecomputedby theSVM approach.

4.3 Experiments

Table1 reportstheresultsof ourclassificationexperiments.We reporttherateof false
positives(RFP)at 100%coverage. In otherwords,we calculatethe RFPgiven 0%
falsenegatives(i.e. zeromembersof the superfamily misclassified)for eachprotein
family class. This methodologyallows us to performa detailedcomparisonto prior
work on this topic.

Table1 lists resultsfrom four experiments:
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Expt. SCOPFamily SVM HMMR SVM SVM
HMM MOT MOT
HOM HOM

1 Phycocyanins 0.619 0.471 0.681 0.528
2 Long-chaincytokines 0.123 0.375 0.138 0.092
3 Short-chaincytokines 0.023 0.386 0.021 0.035
4 Interferons/interleukin-10 0.119 0.511 0.012 0.054
5 Parvalbumin 0.000 0.000 0.000 0.000
6 Calmodulin-like 0.000 0.808 0.008 0.000
7 Imm-V Dom 0.016 0.595 0.254 0.006
8 Imm-C1Dom 0.063 0.738 0.127 0.110
9 Imm-C2Dom 0.019 0.181 0.303 0.232
10 Imm-I Dom 0.495 0.680 0.164 0.135
11 Imm-EDom 0.683 0.723 0.852 0.568
12 Plastocyanin/azurin-like 0.772 0.885 0.431 0.753
13 Multidomain& cupredoxins 0.360 0.040 0.705 0.504
14 Plantvirusproteins 0.410 0.063 0.501 0.504
15 Animal virusproteins 0.513 0.698 0.770 0.407
16 Legumelectins 0.552 0.312 0.659 0.276
17 Prokaryoticproteases 0.000 0.652 0.031 0.052
18 Eukaryoticproteases 0.000 0.317 0.001 0.000
19 Retroviral protease 0.187 0.394 0.059 0.029
20 Retinoalbinding 0.121 0.281 0.344 0.169
21 Alpha-Amylases,N-term 0.037 0.095 0.125 0.086
22 Beta-glycanases 0.079 0.131 0.335 0.440
23 TypeII chitinase 0.263 0.145 0.397 0.346
24 Alcohol/glucosedehydro 0.025 0.465 0.008 0.022
25 Glyceraldehyde-3-phosphate 0.107 0.351 0.558 0.224
26 Formate/glycerate 0.004 0.412 0.003 0.024
27 Lactate&malatedehydro 0.074 0.474 0.037 0.019
28 Nucleotide& nucleosidekinases 0.297 0.362 0.000 0.002
29 G proteins 0.051 0.359 0.001 0.001
30 Thioltransferase 0.029 0.540 0.273 0.002
31 GlutathioneS-transfer 0.590 0.834 0.871 0.292
32 Fungallipases 0.007 0.210 0.064 0.014
33 Transferrin 0.072 0.162 0.628 0.389

Table1: Thefalsepositive ratesat 100%coveragelevelsfor all 33 testfamilies. See
Section4 for detaileddefinitionsof theexperiments.
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1. SVM HMM HOM: resultsreprintedfrom (Jaakola et al. 1999) for the case
with homologsin thetrainingset;SVM HMM HOM standsfor SVMs basedon
HMMs learnedovera trainingsetenhancedwith homologs.

2. HMMR: remotehomologydetectionusingHMMER;

3. SVM MOT: remotehomologydetectionusingour techniquewithout homologs
in thetrainingset;SVM MOT standsfor anSVM methodusingMOTIFS.

4. SVM MOT HOM: remotehomologydetectionusing our techniquewith ho-
mologsin thetrainingset.

The main conclusionreachedfrom the experimentsis that the methodologypre-
sentedhere,while conceptuallysimpleachieveshigheraccuracy thanpureHMMs and
is at leastcomparableto previousapproachesthatcombinegenerativemodelsandsu-
pervisedclassification.Comparative resultsaresummarizedin Table2 andTable3.
Sincein somecasesour methodis superior(or inferior) to the previous methodsby
lessthan5% of thefalsepositive ratewhich is oftennot significant,we reporttheper-
formanceof thedifferentmethodswhendifferencesof lessthan2%, 5% and10%in
overall accuracy arejudgedinsignificant. From Table2 we seethat our algorithmis
comparableto the SVM HMM technique.From Table3, we seethat our methodis
typically superiorto a pureHMM basedapproach.

Table4 documentstheperformanceof our methodwhenwe usea relatively sim-
ple classificationmethod,basicallya usinga singlehyperplanein 10000dimensional
space.It is clear(basicgeometry)thatany smallsetof pointsin generalposition(noco-
linearpoints)canbeseparatedin a high-dimensionalspace(dimensionis higherthan
thenumberof points)with a linearseparator. We thereforeuseda linearsupportvec-
tor machineto inducethis typeof a lineardecisionboundary. Our methodessentially
ties the previously publishedresultsusinga simplerrepresentationandclassification
method.

Definition of Equal Numberof Families
SVM HMM HOM SVM MOT HOM Both techniques
superior superior(ourmethod) ‘equal’

Exactlyequal 14 16 3
Within 2% 12 13 8
Within 5% 8 11 14
Within 10% 5 7 21

Table2: Comparisonof SVM HMM HOM techniquewith our proposedSVM MOT
HOM technique.This summarizesthenumberof timeseachtechniqueis superiorfor
varying definition of ‘equal’. Comparisonbasedon the falsepositive rate at 100%
coveragefrom Table1

In orderto provideinsighton thedistributionof proteinmotifsamongthedifferent
familieswe computeda histogramthat documentsthe numberof ‘hits’ per protein.
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Definition of Equal Numberof Families
HMMR SVM MOT Both techniques
superior superior(ourmethod) ‘equal’

Exactlyequal 14 18 1
Within 2% 14 18 1
Within 5% 12 18 3
Within 10% 10 18 5

Table3: Comparisonof HMMR with our proposedSVM MOT technique.This sum-
marizesthenumberof timeseachtechniqueissuperiorfor varyingdefinitionof ‘equal’.
Comparisonbasedon thefalsepositiverateat100%coveragefrom Table1

Definition of Equal Numberof Families
SVM HMM HOM SVM MOT HOM Both techniques
superior superior(our method) ‘equal’

Exactlyequal 15 15 3
Within 2% 12 13 8
Within 5% 10 10 13
Within 10% 5 5 23

Table4: Comparisonof SVM HMM HOM with ourproposedSVM MOT HOM tech-
niqueusinglinearsupportvectormachines,aparticularlysimpleclassificationscheme.
Thissummarizesthenumberof timeseachtechniqueis superiorfor varyingdefinition
of ‘equal’. Comparisonbasedon thefalsepositiverateat 100%coverage.
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This distribution is depictedin Figure3. It appearsto bea NormalDistribution with a
meanaround300+hits.
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Figure3: Histogramof numberof BLOCKS hits for proteinsfrom SCOP.

We alsoplot theprobabilitydistribution for thenumberof proteinshit by a single
motif. The only ‘surprising’ finding to reporthereis that a small numberof motifs
hit almostall of the proteinsin the database.This could be simply a resultof a low
complexity region,or apreviouslymissedphenomenonthatneedsto bestudiedfurther.
Thisdistribution is depictedin Figure4.

5 Discussion

The mainnovelty of our techniqueis our methodof constructingfeaturevectorsand
the combinationof this representationwith a classificationmethodcapableof learn-
ing in very sparsehigh-dimensionalspaces.Eachcomponentof our protein-vectors
representsthe sensitivity of the protein domainto a given ‘motif ’. At present,we
usegenericblocksfrom theBLOCKS database(Henikoff et al. 1994). However, the
featurevectorsgeneratedfor SCOPPDB90usingthis techniquearevery sparsesince
many BLOCKS arenot foundin many domains.We believe evenbetterresultscould
beachievedby constructinga SCOP-specificdatabaseof motifs.

Themotivationfor this approachhasbothbiologicalandstatisticalunderpinnings.
In termsof biology, shortsequencemotifs that‘cover’ thespaceof all proteinsprovide
a promisingstartingpoint for analyzinga particularsequence.Statistically, if a partic-
ular shortmotif occursin a large numberof familiesit is betterto learnit acrossthe
entiresetof proteins.This approachis similar to the learningof phonemesin speech
processingwherethedictionaryitemsareoften learnedacrosstheentirecorporaand
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Figure4: Probabilitydistribution for thenumberof proteinshit by a BLOCKS motif.
Computedusingproteinsfrom SCOP.

thenwordsarelearnedascombinationof thedictionaryterms(e.g. see(Rabinerand
Juang1993)).

An HMM basedapproachlearnsonly the parametersthat provide a fit of a par-
ticular modelarchitectureto a given proteinfamily. Using linear profile HMMs it is
difficult to describecertainrelationshipsbetweenshortproteinmotifs. OtherHMM
architecturesarepossiblebut theserequiredevelopingdifferentmodelsfor different
families. Learningthe structureof HMMs automaticallyfrom datais typically diffi-
cult andrequireslargetrainingcorpora.Thecombinedgenerative-supervisedlearning
methodologyproposedhereallows us substantialflexibility in learningthe particu-
lar compositionof sequencemotifs which canincludeorderandotherlearnedor pre-
specifiedconstraints.

Previousclassificationof proteindomainsbasedon motifs (e.g. blocks)typically
rely on simpleclassificationrules. For example,a rule might be: if at least5 specific
motifs occur in a sequencethenclassify the sequenceasKinasedomain. Our SVM
approachgeneralizesthesesimplerulesandprovidesa systematicway to learnclas-
sificationrulescombiningall known motifs. Theability of SVMs to learnin sparsely
sampledhigh- dimensionalspacesis the key to producingeffective resultsbasedon
this methodology.

This approachis in part justified by the recentsuccessof David Baker andcol-
leagues’methodologyaimedat ab initio protein structureprediction(Simonset al.
1997;Simonset al. 1999;Simonset al. 1999). The Baker approachbuilds the 3-D
structureof a proteinby assemblingits 9-residuefragmentswith local sequencesim-
ilarity to any proteinof known structure. The interactionsbetweenthesefragments
arescoredexplicitly usingfeaturessuchastheburial of hydrophobicresiduesandthe
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assemblyof beta-strandsinto beta-sheets.Herewe alsorepresenta proteinsequence
by anarrayof shortsequencefragments- theBLOCKS motifs. Insteadof scoringthe
interactionsbetweenthemotifs, we useSVM to ‘learn’ thecharacteristicinteractions
in a proteinfamily andto discriminatebetweendifferentfamilies.
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8 Appendix A - A Short Description of Support Vector
Machines

Given a setof training samples� ��� � �	��
�
�
�� �� with labels � ��� � �	��
�
�
�� �� we aim to
learnthehyperplane� 
 ����� which separatesthedatainto classessuchthat:

� 
 ��������� �������! #"$���&%'�
� 
 ��������( ���)���* #"$���&%'�+�

���,� -/.�0 

For no misclassifications( ���1%2- ), we find the separatinghyperplanewhich maxi-
mizesthe distancebetweenit and the closesttraining sample. It canbe shown that
this is equivalentto maximizing2/ 3 �43 subjectto theconstraintsabove. By forming the
Lagrangianandsolvingthedualproblem,this canbetranslatedinto thefollowing:

5  768 5  #9�:<;>= �@? � � �� = �BA C&? � ? C � � � C � ��D � C
EGFIHKJ :�LNMOMQPR; ? � �*-TS	6IU = ��? � � � %/- 


where ? � is a Lagrangemultiplier. Thereis oneLagrangemultiplier for eachtrain-
ing sample.Thetrainingsamplesfor which theLagrangemultipliersarenon-zeroare
calledsupportvectors. Samplesfor which the correspondingLagrangemultiplier is
zerocanberemovedfrom thetrainingsetwithoutaffectingthepositionof thefinal hy-
perplane.Theaboveformulationis awell understoodquadraticprogrammingproblem
for which solutionsexist. Thesolutionmaybenon- trivial thoughin caseswherethe
trainingsetis large.

If no hyperplaneexists(becausethedatais not linearly separable)we addpenalty
terms��� to accountfor misclassifications.We thenminimize 3 �43 �WV	X ��Y = � ��� whereY , the capacity, is a parameterwhich allows us to specifyhow strictly we want the
classifierto fit thetrainingdata.Thiscanbetranslatedto thefollowing dualproblem:

5  768 5  #9�:+; = �@? � � �� = �BA C&? � ? C � � � C � ��D � C
EGF8H8J :�LZM$MQP[;\-1( ? � (*Y]S�6IU^= � ? � � � %/- 


whichagaincanbesolvedby standardtechniques.
Theclassificationframework outlinedabove is limited to linearseparatinghyper-

planes. It is possiblehowever to usea non-linearhyperplaneby first mappingthe
samplepoints into a higherdimensionalspaceusinga non-linearmapping. That is,
we choosea map _`;�a�bdc]e wherethedimensionof e is greaterthan f . We then
seeka separatinghyperplanein thehigherdimensionalspace.This is equivalentto a
non-linearseparatingsurfacein a�b .

As shown above, thedataonly everappearsin our trainingproblemin theform of
dotproducts,soin thehigherdimensionalspacethedataappearsin theform _hgB���ji 
 _hgB��C�i .
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If the dimensionalityof e is very large, this product could be difficult or expen-
sive to compute. However, by introducinga kernel function suchthat k�gl� �m
 � C in%_ogl���ji 
 _ogl��C�i wecanusethis in placeof ��� 
 ��C everywherein theoptimizationproblem
andnever needto know explicitly what _ is. Someexamplesof kernelfunctionsare
thepolynomialkernel k�gl��� 
 ��CWip%qgl��� 
 ��C��r�Wits andtheGaussianradialbasisfunction
(RBF) kernel kugB��� 
 ��CWiv%xwzy {	|~}�{��Ny �m� �Q� � .

After solving for � and � we determinewhich classa test vector � � belongsto
by evaluating � 
 � � �/� or � 
 _ogl� � ip�/� if a transformto a higherdimensionalspace
hasbeenused. It canbe shown that the solutionfor � is given by �� % = �	? � � � � � .
Therefore,� 
 _ogl�)�Gi canberewritten

� 
 _ogB�)�mi&����� � � ? � � � _ogB� � i 
 _ogB�)�Gi&�u�

� � � ? � � � k�gl� �m� �)��i&��� 


ThusweagaincanusetheKernelfunctionratherthanactuallymakingthetransforma-
tion to higherdimensionalspacesincethedataappearsonly in dot productform.
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