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Abstract

Functionalannotationof newly sequencedenomess animportantchallengefor
computationabiology systemsWhile muchprogressasbeenmadetowardsscaling-
up experimentalmethodsfor functional assignmento putative genes,most current
genomicannotationsystemsely on computationakolutionsfor homologymodeling
via sequencer structuralsimilarity.

We presenta new methodfor remotehomologydetectionthatrelieson combining
probabilisticmodelingand supervisedearningin high-dimensionafeaturesspaces.
Oursystermusesatransformatiorihatcorvertsproteindomaingo fixed-dimensiomep-
resentatie featurevectors,whereeachfeaturerecordsthe sensitvity of eachprotein
domainto a previously learnedsetof ‘protein motifs’ or ‘blocks’. Subsequentlythe
systemutilizes SupportVectorMachine(SVM) classifierso learnthe boundariese-
tweenstructuralproteinclassesOur experimentssuggesthatthis techniqueperforms
well relative to several other remotehomology methodsfor the majority of protein
domainsin SCOP1.37PDB90.
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1 Intr oduction

The last decadehaswitnesseda consistensuige in sequencenformation, causedn
partby technologicabreakthroughi large-scalesequencingndthe humangenome
project. Themainchallengdacingmodernbiology s to interpretthis nenly generated
sequence&lata,andperhapamostsignificantly in the shortterm, to assignfunctionto
mary putative genepredictions. High-throughputexperimentaltechniquedor struc-
tural andfunctionalannotationgemainrelatively elusie, althoughsteadyprogresss
beingmade. One commonsolutionto functionalannotationof putative genesis via
structuralclassificationand homology modeling. The traditional and still the most
reliable waysto determinethe 3-dimensional3-D) structureof a protein are X-ray
crystallographyandNMR, which aretime-consuminggostly, andcurrentlyinfeasible
for someproteinfamilies. Structuralgenomicsinitiatives (Burley et al. 1999) have
greatlyexpandedhe collectionof experimentallydeterminedproteinstructures Nev-
erthelesscomputationabpproachesemain,thusfar, the only resortfor deducingthe
structureinformationof mary sequences.

Evolutionarypressurdorcestheretentionof sequencéeaturesmportantfor struc-
ture andfunction. This hasbeenthe mainimpetusbehindhomology-basednethods,
which infer homologyfrom computedsequencesimilarity. Dynamic programming-
basedalignmenttoolssuchasSmith-Watermarandtheir efficientapproximationsuch
asBLAST (Altshul etal. 1990)and FASTA (Pearsorl985) have beenwidely used
to provide evidencefor homologyby matchinga new sequenceagainsta databasef
previously annotatedequences.

Somehomologousproteinsare sufficiently evolutionarily divergentthat they do
not exhibit significantsequenceaimilarity. In orderto detectsuchweakor remoteho-
mologiesonecanutilize theconcepof proteinfamily or superaimily, which denotesa
groupof sequencesharingthe sameevolutionaryorigin. Severalproteinclassification
schemedave beendeveloped,namely SCOP(Murzin et al. 1995), CATH (Orango
etal. 1999),and FSSP(Holm and Sander1995). Onecanbuild a statisticalmodel
for eachfamily or superaimily andthencomparea newv sequenceo a collection of
models.Computationaimethodshatrelatea sequencéo a superfimily-specifiomodel
oftenout-performpairwisesequenceomparisormethods.

Examplesof superfimily-specificstatisticaimodelsincludesequencerofiles(also
known aspositionspecificweightmatrices)Altschul etal. 1997)andHiddenMarkov
Models(HMMs) (Eddy 1998),(Krogh et al 1994),(Delcheret al 1993). Theseprob-
abilistic modelsare often called generatie becausehey inducea probability distri-
bution over protein sequenceshat can subsequentlye usedto ‘generate’members
of the family using stochasticsimulation. Generatre modelsaim to extract features
from sequencesvithin a family whoselikelihoodis high. Generatie probabilistic
modelscanbe contrastedo discriminative frameworks, which focuson learningthe
combinationof featuresthat discriminatemosteffectively betweenfamilies. Support
VectorMachine(SVM) andNeuralNetworksaretwo populardiscriminatve methods.
A discriminative framawork is typically implementedisinga classificatiormethodor
aclassifierthatlearnsa boundarybetweertwo or moreclasses.

Most recentlya new approachthatcombinesgeneratie anddiscriminative meth-
ods hasbeenintroducedand popularizedby (Kasif et al 1998) and (Jaaklola et al
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1999). The framavork adwocatedin (Kasif et al 1998) assumegshat we first learna
probabilisticmodel of nature(e.g.,the setof all proteins). We thentransformevery
memberof the world (e.g.,a protein)into a high-dimensionafeaturevector The el-
ementsof eachvectorare probabilitiesor log-likelihoodscoreshat are computedoy
the probabilisticgeneratie model. Typically, theseprobabilitiesare computedwith
respecto the parametersf the model. After transformingour spaceto suchafeature
vectorrepresentationye thenusethesevectorsasinput to a learningenginethatuses
asupervisecatlassificatiormethodsuchasNearesiNeighborClassifierda specialcase
of KernelClassifiers).It canbe shovn thatthis approactcanincreasehe classifica-
tion accuray of thegeneratie modelwhentheassumptionsnadeby themodeldo not
accuratelyconformto reality, whichis morecommonthannot.

In arecenindependenivork by Jaaklola(Jaaklolaetal 1999),ageneratre method
(HMM) is combinedwith adiscriminatve method(SVM) for detectingeemoteprotein
homologies.An HMM is constructedor eachproteinsuperémily. It is thenusedto
computethe gradientof thelog-probabilityof the proteinsequencéeingproducedoy
the HMM with respectto eachof the parameter®f the HMM (Jaaklola et al 1999).
In effect, the proteinsequencés transformednto a gradient-log-probabilitwector A
SVM isthentrainedonthevectorsin orderto learntheboundarybetweereachprotein
superfimily and “the restof the protein universe”. This discriminative model-based
approachwasshown to be superiorto usingHMMs alone.

In this paperwe seekto developanapproachhathasa naturalbiologicalinterpre-
tation. Sincestructuralandfunctionalconstraintgplacedon proteinfamiliesarevery
comple, our approachaimsto facilitatea naturalexpressiorof suchconstraints.

Therearetwo generaliewsthatattempto explaintheconstraintplacedon protein
structures:(1) the local view, which considersonly 10-20%of residuego be critical,
and(2) theglobalview, which believesthatinteractionccuralongtheentiresequence
while individual residuescontribute minimally. A numberof studiesfound that most
single residuemutationsdo not have measurableffect on proteinfunction and pre-
sumablystructure(Matthens 1987;Bowie etal. 1990);thesesupportthe globalview.
On the otherhand,the local view is supportedby (Mirny et al. 1998), who shaved
thata minimal setof residueds requiredfor thefolding of proteinsin a physiological
timescale.Dosztaryi (Dosztalyi, 1997)reporteda minimal setof conseredresidues
asthestabilizationcentersn proteinstructureslt is highly probablethatthelocal view
is appropriatdor someproteinstructuresandthe globalview for others.Besidedold-
ing constraintsfunctioncandictateconseredsequencandstructurefeaturegKasuya
andThornton1999).

Conseredmotifstendto appeain linearorderin homologousequenced-dowever
exceptionsdo exist as shovn by the DNA methyltransferaséamily. The catalytic
domainsof DNA methyltransferasesharea commonstructuralfold while having the
major functionalmotifs permutednto threedistinctlinear orders(Gongetal. 1997).
Suchproteinfamiliesposeseriouschallengedor linearHMMs andtheir derivatives.

In this paperwe presentand evaluatean approactsimilar in spirit to the method
developedby Jaaklola et al (1999) but which aimsto be simplerand more flexible
in termsof representationatompleity. We map eachprotein sequencéo an alter
naterepresentatiom a high-dimensionalectorspace We thenuseSVMs to classify
thesevectors. The choiceof SVMs asa classifieris motivatedby its effectivenessn



achieving goodgeneralizatiorfrom relatively sparsetraining datain high dimensions
(Burges1998). Our representatiorf proteinsrelies on vectors,eachcomponeniof
which correspondso the similarity of the proteinto a structurallyor functionally con-
senedmotif, representedy the entriesin the BLOCKS databaseln otherwords,we
represent proteindomainby recordingwhich of the motifs in BLOCKS it alignsto,
andhow similar the sequencds to the motif. Our representatiooincideswith bio-
logicalintuition, andin principle canbe madeconsistentvith local andglobalfolding
constraintsfunctionalconstraintsaswell assequencaon-linearity The experimen-
tal resultscompareavorablyto HMM-basedmethodsor mostof the proteinfamilies
testedn this experiment(seethe Discussiorsectionfor moredetails).

2 Systemand Methods

Ouralgorithmis implementedn PerlandcombinegpublicdomainBLOCKS andSVM
software.We usea CompadTru64 multiprocessoervironment.

3 Algorithm

Our procedurefor homologydetectionconsistsof two major steps. First we corvert
all the proteinsequencesf interestto high dimensionalfeaturevectors. We create
eachvectorby scoringa setof pre-learntmotifs againsteachproteinsequenceOnce
thistransformatiorhastakenplace wethenlearnSVM discriminatordo separateach
proteinfamily from “the restof the world”. We show this processn Figurel. The
descriptionof eachstepis givenbelow.

3.1 Feature Vector Generation

The first stepof our automatedprocedurecorverts eachprotein sequencer subse-
quenceof interestto a new representationf fixedlength. Thatis, a proteinsequence
of ary lengthis corvertedinto a featurevector of fixed length. Eachdimensionof
thesefeaturevectorsrepresentshe sensitvity of the proteinto a particularbiological
motif. Thereforejn orderto createfeaturevectorswe first createor obtaina database
of short, highly conseredregionsin relatedproteindomains.Suchregionsareoften
called'blocks’, ‘motifs’ or ‘probabilistictemplates’.

A motif is representedy a K by L matrix in which the K rows correspondo
differentaminoacids,andL representshelengthof the motif. For proteinsequences,
K = 20. Eachcell of the matrix M(amino acid, position)representshe probability or
moretypically alog-likelihoodof seeinghataminoacidin thatposition. Thus,amotif
canbethoughtof asa 0-th orderMarkov model. A motif of lengthL is scoredagainst
aproteinby computingthe probability of every subsequencef lengthL in the protein
beinggeneratedby themodelthatcorrespondso the motif.

Therearea numberof databasesf shortproteinmotifs available on the Internet,
for exampleEMOTIF at Stanford. The BLOCKS databaséHenikoff etal. 1994)is
anotherexample.Thetool BLIMPS (WallaceandHenikoff 1992)generates position
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Extract motifs from a large set of proteins

:

Score motifs against protein sequences of interest

:

Create new feature vectors for each
protein sequence of interest

:

Build 5WM classifiers for
gach protein family

Figurel: Overall Algorithm

specificscoringmatrix for eachblock in BLOCKS andscoresall possiblealignments
of a proteinquery sequenceisingthis matrix. For the experimentsin this paper we
useBLIMPS to scorehits from BLOCKS in orderto generatdeaturevectorsfor each
proteinsequencef interest. However, we suspecthat by creatinga motif database
specificto the proteinsof interest,even more meaningfulfeaturevectorsmay be ob-
tainedsincethe motifs from a moregeneraddatabassuchasBLOCKS may not occur
in the proteinsof interest.

To createafeaturevectorfor eachproteinsequenceve searcHor eachmotif in the
sequencasdescribedabore. Theresultis an N-dimensionafeaturevectorwhereN
is the total numberof motifs in our databaseln our casethe dimensionalityis equal
to 10000. EachdimensionJ containsa scoredescribingthe degreeof alignmentof
motif Jto the proteindomain. This processs shavn in Figure2. For the experiments
describedn thispapeBLOCKS hitsonthe SCOP1.37PDB90database}hisprocess
resultedn very sparsdeaturevectors(97%sparsityon average).

For the casewherea motif is detectedmultiple timesin a domain,we canapply
a variety of heuristics. For example,we cantake the maximumof all scoresfor that
block in thatdomainor the sumof suchscores.While the sumapproachasa better
theoreticalmotivation,in our preliminaryexperimentswe foundthattakingthe max-
imum scoregivessuperiorclassificationperformance We canalsoapply a threshold
suchthatscoredelow acertainnumberaresetto zero. It is obviousthatgiventhecom-
pletesetof featurevectorsfor all proteindomainsn thetrainingset,we canreducethe
dimensionalityof thesevectorsusingstandardlimensiorreductiontechniquesuchas
PrincipalComponent#\nalysis(PCA).
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Figure 2: The procedureto generatdfeaturevectorsfor proteins. Bi in the feature
vectoris the sumor maximumof the scores(dependingon the approachYor theith
blockin the motif databaséoundin the protein.

3.2 Construction of SVM Classifiers

Given the labeledfeaturevectors,we learn SupportVector Machine (SVM) classi-
fiers (Burges1998)to separateachgivenstructuralproteinclassfrom “the restof the
world”. A SVM classifierlearnsa separatingthick’ hyperplanebetweenwo classes
which maximizesthe ‘margin’. This mamgin roughly correspondso the distancebe-
tweenthe points residingon the edgesof the hyperplane. The appealof SVMs is
twofold. Firstthey do notrequireany complec tuning of parametersandsecondhey
exhibit a greatability to generalizegive a smalltrainingcorpora.They areparticularly
amenabldor learningin high dimensionakpacesAppendixA givesa shortdescrip-
tion of the SVM methodology

The only significantparametersieededo tunea SVM arethe ‘capacity’ andthe
choiceof kernel. The capacityallows us to control how muchtolerancefor errorsin
the classificatiorof training samplesve allow. Capacitythereforeaffectsthe general-
ization ability of the SVM andpreventsit from overfitting the training set. We usea
capacityequalto 10.

The secondtuning parameteis the kernel. The kernelfunction allows the SVM
to createhyperplanesn high dimensionakpaceghat effectively separatehe training
data.Oftenin theinput spaceraining vectorscannotbe separatedy a simplehyper
plane.Thekernelallows transformingthe datafrom onespaceo anotherspacevhere
asimplehyperplanecaneffectively separatehe datain two classes.

In mary previously reportedapplicationsof SVMs an additionalevaluationsetis
availablefor tuning the SVM parameters.However, for the experimentsreportedin
this papemo evaluationdatais readily available. A commonlyfound solutiondeploys
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cross-alidation. However, this solutionis computationallyexpensve. We usean al-
ternative methodologythat aimsto avoid the searchfor the optimal kernelfor each
classifierby usingonethatis sufficiently general.We primarily employ the Gaussian
kernelfor all classifiers.The varianceof the associatedsaussiarkernelis computed
asthe medianof the distancebetweenall vectorsz; in Classl andz, in Class2.
This guaranteethatthe Gaussiarkerneldistances in areasonableange.In termsof
capacitywe choosea valuethatis closeto the absolutemaximumkerneldistancejn
our casel0.0. This choiceof capacityguaranteeghe numericalstability of the SVM
algorithmandprovidessufficient generalizationThis solutionis a cleanway to setthe
tunedparametersolelybasednthetrainingset.

We alsoreportexperimentalresultsusinga linear supportvector machine,which
comparefavorably with the above solution. This suggesthat the main advantageof
our methodis the choiceof representatiothatcombinegprobabilisticmotifs with su-
pervisedclassification.

An additionaltuning stepconsistsof settingthe operatingpoint of the classifierto
controltheamountof falsenegatives.In ourimplementatiorwe find a thresholdvalue
suchthatary scorereturnedby the SVM thatis biggerthanthis guaranteego false
negatives.

To determinewhetheran unlabeledoroteinbelongsto a particularstructuralclass,
we testit usingthe SVM createdor thatclass.The SVM classifierproducesa ‘score’
representinghe distanceof the testingfeaturevectorfrom the margin. Thelargerthe
score,the further away the vectoris from the mamgin andthe more confidentwe are
of the classifiers output. If the scoreis belowv the thresholdset above we classify
the vector(andhencethe correspondingprotein) asbelongingto that particularclass.
Otherwisejt is classifiedasnot belongingto theclass.

4 Results

We investigatethe performancef our techniqueon version1.37 PDB90of the SCOP
databaséMurzin etal. 1995). SCOPprovidesa detailedandcomprehensie descrip-
tion of the relationshipsof all known proteins’ structures. The classificationis into
four hierarchicallevels: class,commonfold, superamily andfamily. Family andsu-
perfamily levels describenearandfar evolutionaryrelationships.Fold levelsdescribe
geometricafrelationships.The unit of classifications the proteindomain. In our ex-
perimentsve investigatenow well our methodcanclassifysuperaimilies.

Theuseof SCOP1.37PDB90allows directcomparisorwith previouswork onre-
motehomologydetectionusingSVM classifiersn conjunctionwith vectorsgenerated
usingHMMs (Jaalola etal. 1999). Thetrainingandtestingsetsusedin this previous
work areavailableonlinefrom http://www.cse.ucsc.edu/research/conggbiscriminative/
sowe areableto duplicatethe experimentsexactly.

4.1 Testingand Training Sets

SCOP1.37 PDB90 containsprotein domains,no two of which have 90% or more
aminoacid identity. All SCOPfamiliesthatcontainat least5 PDB90sequenceand



4.2 ClassificationlUsingHMMER 7

have at least10 PDB90sequencem the otherfamiliesin their superamily werese-
lectedfor positive testingsets resultingin 33 testingfamiliesfrom 16 superimiliesas
listedin Tablel. In theexperimentdwo typesof positive trainingsetsareused:

1. A smalltraining setthat containsonly the PDB90sequencesf all the families
of thesuperimily containingthe positive testingfamily (exceptthe positive test
family).

2. An enhancedandthereforesignificantlylarger)training setthatcontainsall the
homologsfoundby eachindividual SAM-T98 (Hughey andKrogh 1998)model
built for the selectedguide sequencethat belongto the superamily but notto
thetestitself, in additionto thesePDB sequences.

The negative testingandtraining setsare constructedrom PDB sequence the
folds otherthanthefold containingthe positive testfamily.

4.2 ClassificationUsingHMMER

In additionto comparingour techniqueof remotehomologydetectiorto thatdescribed
in (Jaalolaetal. 1999)we alsoinvestigatean HMM-basedclassifier This is basedon
utilities of the HMMER 2 packaggEddy 1998).We describethis techniquebelow.

4.2.1 Model Construction

We build aHMM modelfor eachof the33testingfamiliesasfollows. Firstwe alignall

thedomaingn the positive training setwithout homologsusingthemultiple alignment
tool CLUSTALW (Thompsonretal. 1994). Then,usingthe hmmhuild tool, we build

HMM modelsbasedon thesemultiple alignments. We usethe default argumentsof

hmmtuild.

4.2.2 Model Scoring

We usehmmseath 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
computethe falsepositive rate producedby this classificatiorandcompareto a simi-
larly computedalsepositive ratecomputedoy the SVM approach.

4.3 Experiments

Tablel reportstheresultsof our classificatiorexperiments We reporttherateof false
positives (RFP) at 100% coverage. In otherwords, we calculatethe RFP given 0%
falsenegatives(i.e. zeromembersof the superamily misclassifiedfor eachprotein
family class. This methodologyallows us to performa detailedcomparisorto prior
work on this topic.

Tablel lists resultsfrom four experiments:
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Expt. | SCOPFamily SVM | HMMR | SVM | SVM

HMM MOT | MOT

HOM HOM
1 Phycoganins 0.619 | 0.471 | 0.681| 0.528
2 Long-chaincytokines 0.123 | 0.375 | 0.138| 0.092
3 Short-chaircytokines 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 Plastoganin/azurin-lile 0.772 | 0.885 | 0.431| 0.753
13 Multidomain& cupredoxins 0.360 | 0.040 | 0.705| 0.504
14 Plantvirus proteins 0.410 | 0.063 | 0.501| 0.504
15 Animal virus proteins 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 Typell 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&malatalehydro 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 the experiments.
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1. SVM HMM HOM: resultsreprintedfrom (Jaalola et al. 1999) for the case
with homologsin thetrainingset;SVM HMM HOM standsfor SVMs basecdbn
HMMs learnedover atraining setenhancedvith homologs.

2. HMMR: remotehomologydetectionusingHMMER,;

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

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

The main conclusionreachedrom the experimentsis that the methodologypre-
sentechere,while conceptuallysimpleachieveshigheraccurag thanpureHMMs and
is atleastcomparablédo previous approachethatcombinegeneratie modelsandsu-
pervisedclassification. Comparatie resultsare summarizedn Table 2 and Table 3.
Sincein somecasesour methodis superior(or inferior) to the previous methodsby
lessthan5% of the falsepositive ratewhich is often not significant,we reportthe per
formanceof the differentmethodswhendifferenceof lessthan2%, 5% and10%in
overall accurayg arejudgedinsignificant. From Table 2 we seethat our algorithmis
comparableo the SVM HMM technique. From Table 3, we seethat our methodis
typically superiorto apureHMM basedapproach.

Table4 documentghe performanceof our methodwhenwe usea relatively sim-
ple classificatiormethod,basicallya usinga singlehyperplanen 10000dimensional
spacelt is clear(basicgeometrythatany smallsetof pointsin generaposition(noco-
linear points) canbe separatedh a high-dimensionaspace(dimensionis higherthan
the numberof points)with alinear separatarWe thereforeuseda linear supportvec-
tor machineto inducethis type of alineardecisionboundary Our methodessentially
ties the previously publishedresultsusing a simplerrepresentatiomand classification
method.

Definition of Equal Numberof Families
SVM HMM HOM | SVM MOT HOM Bothtechniques
superior superior(ourmethod) | ‘equal’
Exactlyequal 14 16 3
Within 2% 12 13 8
Within 5% 8 11 14
Within 10% 5 7 21

Table2: Comparisorof SVM HMM HOM techniquewith our proposedSVM MOT
HOM technique.This summarizeshe numberof timeseachtechniquds superiorfor
varying definition of ‘equal’. Comparisonbasedon the false positive rate at 100%
coveragefrom Tablel

In orderto provideinsightonthedistribution of proteinmotifs amongthedifferent
familieswe computeda histogramthat documentghe numberof ‘hits’ per protein.
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Definition of Equal Numberof Families
HMMR | SVM MOT Bothtechniques
superior | superior(our method) | ‘equal’
Exactlyequal 14 18 1
Within 2% 14 18 1
Within 5% 12 18 3
Within 10% 10 18 5

Table3: Comparisorof HMMR with our proposedsVM MOT technigue.This sum-
marizegshenumberof timeseachtechniqués superiorfor varyingdefinitionof ‘equal’.
Comparisorbasedn thefalsepositive rateat 100%coveragefrom Tablel

Definition of Equal Numberof Families
SVM HMM HOM | SVM MOT HOM Bothtechniques
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: Comparisorof SVM HMM HOM with our proposedSVM MOT HOM tech-
nigueusinglinearsupportvectormachinesaparticularlysimpleclassificatiorscheme.
This summarizeshe numberof timeseachtechniques superiorfor varyingdefinition
of ‘equal’. Comparisorbasedn thefalsepositive rateat 100%coverage.
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This distributionis depictedin Figure3. It appeargo bea Normal Distribution with a
meanaround300+hits.
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Figure3: Histogramof numberof BLOCKS hits for proteinsfrom SCOP

We alsoplot the probability distribution for the numberof 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
compleity region,or apreviously missedphenomenothatneedgo bestudiedfurther.
This distribution is depictedn Figure4.

5 Discussion

The main novelty of our techniqueis our methodof constructingfeaturevectorsand
the combinationof this representationvith a classificationmethodcapableof learn-
ing in very sparsehigh-dimensionakpaces.Eachcomponentf our protein-vectors
representghe sensitvity of the protein domainto a given ‘motif’. At presentwe
usegenericblocksfrom the BLOCKS databas¢Henikoff etal. 1994). However, the
featurevectorsgeneratedor SCOPPDB90usingthis techniquearevery sparsesince
mary BLOCKS arenot foundin mary domains.We believe even betterresultscould
be achiezedby constructinga SCOP-specifidatabasef motifs.

The motivationfor this approacthasbothbiologicalandstatisticalunderpinnings.
In termsof biology, shortsequencenotifsthat‘cover’ thespaceof all proteinsprovide
apromisingstartingpointfor analyzinga particularsequenceStatistically if a partic-
ular shortmotif occursin a large numberof familiesit is betterto learnit acrossthe
entiresetof proteins. This approachis similar to the learningof phonemesn speech
processingvherethe dictionaryitemsare often learnedacrossthe entire corporaand



12 5 DISCUSSION

30

251

N
=]
T

percent of BLOCKS
=
ul

=
=)

0 - s

5000 10000 15000
number of proteins hit by BLOCK

o

Figure4: Probabilitydistribution for the numberof proteinshit by a BLOCKS maoatif.
Computedusingproteinsfrom SCOP

thenwordsarelearnedascombinationof the dictionaryterms(e.g. see(Rabinerand
Juangl993)).

An HMM basedapproachearnsonly the parameterghat provide a fit of a par
ticular modelarchitectureto a given proteinfamily. Using linear profile HMMs it is
difficult to describecertainrelationshipshetweenshort protein motifs. Other HMM
architecturesare possiblebut theserequiredeveloping differentmodelsfor different
families. Learningthe structureof HMMs automaticallyfrom datais typically diffi-
cult andrequiredargetraining corpora.The combinedgeneratie-supervisetearning
methodologyproposedhereallows us substantiafflexibility in learningthe particu-
lar compositionof sequencenotifs which canincludeorderandotherlearnedor pre-
specifiedconstraints.

Previous classificationof proteindomainsbasedon motifs (e.g. blocks)typically
rely on simpleclassificatiorrules. For example,arule mightbe: if atleast5 specific
motifs occurin a sequencehen classifythe sequences Kinasedomain. Our SVM
approachgeneralizeghesesimplerulesandprovidesa systematiavay to learnclas-
sificationrulescombiningall known motifs. The ability of SVMs to learnin sparsely
sampledhigh- dimensionalspacesds the key to producingeffective resultsbasedon
this methodology

This approachis in part justified by the recentsuccesof David Baker and col-
leagues’methodologyaimedat ab initio protein structureprediction (Simonset al.
1997; Simonset al. 1999; Simonsetal. 1999). The Baker approachouilds the 3-D
structureof a proteinby assemblingts 9-residuefragmentswith local sequenceim-
ilarity to ary proteinof known structure. The interactionsbetweenthesefragments
arescoredexplicitly usingfeaturessuchasthe burial of hydrophobicesiduesandthe
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assemblyof beta-strandito beta-sheetsHerewe alsorepresent proteinsequence
by anarrayof shortsequencéragments the BLOCKS motifs. Insteadof scoringthe
interactionsbetweerthe motifs, we useSVM to ‘learn’ the characteristiénteractions
in a proteinfamily andto discriminatebetweerdifferentfamilies.
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8 Appendix A - A Short Description of Support Vector
Machines

Givena setof training samplesx, xs, . . . , X, With labelsy, ys, - - ., ¥, We aim to
learnthe hyperplanew.x + b which separatethe datainto classesuchthat:

& > 0 Vi

For no misclassificationgé; = 0 ), we find the separatinghyperplanewhich maxi-
mizesthe distancebetweenit andthe closesttraining sample. It canbe showvn that
thisis equivalentto maximizing2/|w| subjectto the constraintsabove. By forming the
Lagrangiarandsolvingthe dualproblem,this canbetranslatednto thefollowing:

minimize : ). a5 — %Z” 0G0 YY X - X
subject to : a; >0 and ) ouy; =0.

whereq; is a Lagrangemultiplier. Thereis one Lagrangemultiplier for eachtrain-
ing sample.Thetraining sampledor which the Lagrangemultipliers arenon-zerocare
called supportvectos. Samplesfor which the correspondind.agrangemultiplier is
zerocanberemaovedfrom thetrainingsetwithoutaffectingthe positionof thefinal hy-
perplaneTheabove formulationis awell understoodjuadratigorogrammingproblem
for which solutionsexist. The solutionmay be non-trivial thoughin caseswvherethe
trainingsetis large.

If no hyperplanexists (becausehe datais notlinearly separablejve addpenalty
terms¢; to accountfor misclassificationsWe thenminimize |w|?/2 + C y", & where
C, the capacity is a parametemwhich allows us to specify how strictly we wantthe
classifierto fit thetrainingdata.This canbetranslatedo the following dual problem:

minimize : ), a; — %E” QYK - Xj
subject to: 0<a; <C and ), a;y; =0.

which againcanbe solved by standardechniques.

The classificationframenork outlinedabove is limited to linear separatinghyper
planes. It is possiblehowever to usea non-linearhyperplaneby first mappingthe
samplepointsinto a higher dimensionalspaceusing a non-linearmapping. Thatis,
we chooseamap¢ : R® — & wherethedimensionof & is greaterthann . We then
seeka separatindyperplandn the higherdimensionakpace.This is equivalentto a
non-linearseparatingurfacein £".

As shavn above, the dataonly ever appearsn our training problemin the form of
dotproductssoin thehigherdimensionabpacehedataappearsn theform ¢(x;).¢(x;).
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If the dimensionalityof < is very large, this product could be difficult or expen-
sive to compute. However, by introducinga kernel function suchthat K (x;.x;) =
o(x;).¢(x;) we canusethisin placeof x;.x; everywheren the optimizationproblem
andnever needto know explicitly what ¢ is. Someexamplesof kernelfunctionsare
thepolynomialkernel K (x;.x;) = (x;.x; + 1)? andthe Gaussiamadialbasisfunction
(RBF) kemel K (x;.x;) = elxi—il*/20%,

After solving for w andb we determinewhich classa testvectorx; belongsto
by evaluatingw.x; + b or w.¢(x;) + b if atransformto a higherdimensionakpace
hasbeenused. It canbe showvn thatthe solutionfor w is givenby @ = 3. o;y;x;.
Thereforew.¢(x;) canberewritten

w.o(xy) +b = Z a;yip(xi).p(x¢) + b

= Z OziyiK(Xi,Xt) + b.

Thuswe againcanusetheKernelfunctionratherthanactuallymakingthetransforma-
tion to higherdimensionakpacesincethe dataappearonly in dot productform.
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