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Abstract

A key issuein supervisedproteinclassificationis therepresentation of in-
put sequencesof aminoacids. Recent work usingstringkernels for pro-
tein datahasachievedstate-of-the-artclassificationperformance. How-
ever, suchrepresentations arebasedonly on labeled data— examples
with known 3D structures,organized into structuralclasses— while
in practice, unlabeled datais far more plentiful. In this work, we de-
velop simpleandscalable clusterkerneltechniquesfor incorporatingun-
labeleddatainto therepresentationof proteinsequences.We show that
ourmethodsgreatlyimprovetheclassificationperformanceof stringker-
nelsandoutperform standardapproachesfor usingunlabeled data,such
asadding closehomologs of the positive examplesto the training data.
Weachieveequal or superiorperformanceto previously presented cluster
kernel methodswhile achieving fargreatercomputational efficiency.

1 Introduction

A central problemin computationalbiology is theclassificationof proteinsinto functional
andstructuralclassesgiven their aminoacid sequences. The 3D structurethat a protein
assumesafter folding largely determinesits function in the cell. However, it is far easier
to determine experimentallythe primary sequenceof a proteinthanit is to solve the 3D
structure.Through evolution, structureis moreconservedthansequence,sothatdetecting
even very subtlesequence similarities, or remotehomology, is importantfor predicting
function.

Themajormethods for homology detectioncanbesplit into threebasicgroups:pairwise
sequencecomparisonalgorithms[1, 2], generative modelsfor proteinfamilies[3, 4], and
discriminative classifiers[5, 6, 7]. Popular sequencecomparisonmethods suchasBLAST
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andSmith-Watermanarebasedonunsupervisedalignment scores.Generativemodels such
asprofile hiddenMarkov models (HMMs) model positive examplesof a protein family,
but they canbe trainediteratively usingboth positively labeled andunlabeledexamples
by pulling in closehomologsandadding themto thepositive set.A compromisebetween
thesemethods is PSI-BLAST [8], which usesBLAST to iteratively build a probabilistic
profileof aquerysequenceandobtainamoresensitivesequencecomparisonscore.Finally,
classifierssuchasSVMsusebothpositiveandnegativeexamplesandprovidestate-of-the-
artperformancewhenusedwith appropriatekernels[5, 6,7]. However, theseclassifiersstill
requireanauxiliary method(suchasPSI-BLAST)to handle unlabeleddata:onegenerally
addspredictedhomologsof thepositivetrainingexamplesto thetrainingsetbeforetraining
theclassifier.

In practice, relatively little labeleddatais available — approximately30,000 proteinswith
known 3D structure, somebelonging to familiesandsuperfamilieswith only a handful of
labeledmembers— whereastherearecloseto onemillion sequencedproteins,providing
abundantunlabeleddata. New semi-supervisedlearningtechniquesshouldbeableto make
betteruseof this unlabeleddata.

Recent work in semi-supervisedlearning has focusedon changing the representation
given to a classifierby taking into account the structuredescribedby the unlabeleddata
[9, 10, 11]. Theseworks canbe viewed ascasesof clusterkernels, which produce sim-
ilarity metricsbasedon the clusterassumption: namely, two pointsin the same“cluster”
or region of high densityshouldhave a small distanceto each other. In this work, we
investigate the useof clusterkernelsfor proteinclassificationby developing two simple
andscalablemethods for modifying a basekernel. The neighborhoodkernel usesaver-
agingover a neighborhood of sequencesdefinedby a local sequencesimilarity measure,
andthe bagged kernel usesbaggedclusteringof the full sequencedatasetto modify the
basekernel.In boththesemi-supervisedandtransductivesettings,thesetechniquesgreatly
improve classificationperformance whenusedwith mismatchstring kernels,andthetech-
niques achieve equal or superiorresultsto all previously presentedclusterkernel methods
that we tried. Moreover, the neighborhoodand bagged kernel approaches are far more
computationallyefficient thanthesecompeting methods.

2 Representations and kernels for protein sequences

Proteinscanbe representedasvariable length sequences,typically several hundredchar-
acterslong, from thealphabetof 20 aminoacids. In orderto uselearningalgorithmsthat
requirevector inputs,we mustfirst find a suitablefeaturevector representation, mapping
sequencex into a vector spaceby x 7→ Φ(x). If we usekernel methods suchasSVMs,
which only needto computeinnerproductsK(x, y) = 〈Φ(x),Φ(y)〉 for trainingandtest-
ing, thenwecanaccomplishtheabove mapping usingakernelfor sequencedata.

Biologically motivated sequencecomparisonscores,likeSmith-Watermanor BLAST, pro-
vide anappealingrepresentationof sequencedata.TheSmith-Waterman (SW) algorithm
[2] usesdynamicprogramming to compute theoptimal local gappedalignmentscorebe-
tweentwo sequences,while BLAST [1] approximatesSW by computinga heuristic align-
mentscore.Both methods returnempiricallyestimatedE-values indicating theconfidence
of thescore.Thesealignment-basedscoresdo not define a positive definite kernel;how-
ever, onecanusea featurerepresentationbasedon theempirical kernel map

Φ(x) = 〈d(x1, x), . . . , d(xm, x)〉

whered(x, y) is the pairwisescore(or E-value) between x andy andxi, i = 1 . . . m,
arethe training sequences. Using SW E-valuesin this fashiongives strongclassification
performance[7]. Note,however, thatthemethod is slow, bothbecausecomputingeach SW
scoreis O(|x|2) andbecausecomputingeach empiricallymapped kernel value is O(m).



Another appealingideais to derive thefeaturerepresentationfrom a generative model for
a proteinfamily. In the Fisherkernel method[5], onefirst builds a profile HMM for the
positive training sequences,defining a log likelihood function log P (x|θ) for any protein
sequencex. Thenthegradient vector∇θ log P (x|θ)|θ=θ0

, whereθ0 is themaximumlike-
lihood estimatefor model parameters, definesanexplicit vector of features,calledFisher
scores,for x. Thisrepresentationgivesexcellentclassificationresults,but theFisherscores
mustbecomputedby anO(|x|2) forward-backwardalgorithm,making thekerneltractable
but slow.

It is possibleto constructusefulkernelsdirectlywithoutexplicitly dependingongenerative
models by using string kernels. For example, the mismatchkernel [6] is defined by a
histogram-like featuremapthatusesmismatchesto capture inexact stringmatching. The
featurespaceis indexedby all possiblek-lengthsubsequencesα = a1a2 . . . ak, whereeach
ai is acharacterin thealphabetA of aminoacids.Thefeaturemapis definedonk-gramα
by Φ(α) = (φβ(α))Ak whereφβ(α) = 1 if α is within m mismatches of β, 0 otherwise,
andis extendedadditively to longersequences:Φ(x) =

∑

k-grams∈x Φ(α). Themismatch
kernelcanbecomputedefficiently usingatrie datastructure:thecomplexity of calculating
K(x, y) is O(cK(|x|+ |y|)), wherecK = km+1|A|m. For typical kernelparametersk = 5
andm = 1 [6], the mismatchkernelis fast,scalableandyields impressive performance.
Many other interestingmodelsandexamplesof stringkernelshaverecently beenpresented.
A survey of relatedstringkernelwork is given in thelongerversionof this paper.

String kernelmethods with SVMs area powerful approachto proteinclassificationand
have consistently performedbetterthannon-discriminative techniques[5, 7, 6]. However,
in a real-world setting,proteinclassifiershave accessto unlabeleddata. We now discuss
how to incorporatesuchdatainto therepresentationgiven to SVMs via theuseof cluster
kernels.

3 Cluster kernels for protein sequences

In semi-supervisedlearning,one tries to improve a classifiertrainedon labeled databy
exploiting (a relatively large set of) unlabeled data. An extensive review of techniques
canbefound in [12]. It hasbeenshown experimentallythatunder certainconditions, the
decisionfunctioncanbeestimatedmoreaccurately in a semi-supervisedsetting,yielding
lower generalizationerror. The most commonassumptionone makes in this setting is
calledthe “cluster assumption,” namely that the classdoesnot change in regionsof high
density.

Although classifiersimplement theclusterassumptionin various ways,we focuson clas-
sifiersthat re-representthegiven datato reflectstructurerevealedby unlabeleddata.The
mainideais to change thedistancemetricsothattherelative distancebetween two points
is smallerif thepoints arein thesamecluster. If oneis usingkernels,ratherthanexplicit
featurevectors,onecanmodify thekernel representationby constructinga clusterkernel.
In [10], a general framework is presentedfor producingclusterkernels by modifying the
eigenspectrumof the kernelmatrix. Two of the main methods presented arethe random
walk kernelandthespectral clusteringkernel.

The random walk kernel is a normalized andsymmetrizedversionof a transitionmatrix
corresponding to a t-steprandom walk. The randomrepresentation describedin [11] in-
terpretsan RBF kernel asa transitionmatrix of a random walk on a graphwith vertices
xi, P (xi → xj) =

Kij∑
Kip

. After t steps,the probability of going from a point xi to a
point xj shouldbe high if the pointsare in the samecluster. This transitionprobability
canbecalculated for theentirematrix asP t = (D−1K)t, whereD is a diagonal matrix
suchthat Dii =

∑

p Kip. To obtaina kernel,oneperformsthe following steps. Com-



puteL = D−1/2KD−1/2 andits eigendecompositionL = UΛU>. let λi ← λt
i, where

λi = Λii, andlet L̃ = U Λ̃U>. Thenthenew kernel is K̃ = D̃1/2L̃D̃1/2, whereD̃ is a
diagonalmatrix with D̃ii = 1/Lii.

The spectralclusteringkernel is a simpleuseof the representationderived from spectral
clustering[13] usingthefirst k eigenvectors.Onecomputestheeigenvectors(v1, . . . , vk)

of D− 1

2 KD− 1

2 , with D definedasbefore,giving the representationφ(xi)p = vpi. This
vector canalso thenbe normalized to have length1. This approachhasbeenshown to
produceawell-clusteredrepresentation. While in spectralclustering,onethenperformsk-
meansin thisrepresentation,hereonesimplygivestherepresentationasinputto aclassifier.

A seriousproblemwith thesemethods is thatonemustdiagonalizeamatrix thesizeof the
setof labeledandunlabeleddata.Othermethodsof implementing theclusterassumption
suchastransductiveSVMs[14] alsosuffer from computationalefficiency issues.A second
drawbackis thatthesekernels arebettersuitedto a transductivesetting(whereoneis given
both the unlabeledandtestpoints in advance) ratherthana semi-supervisingsetting. In
order to estimatethe kernel for a sequencenot presentduring training, one is forced to
solve a difficult regressionproblem [10]. In the next two sectionswe will describetwo
simplemethods to implement theclusterassumptionthatdonot suffer from theseissues.

4 The neighborhood mismatch kernel

In mostcurrentlearningapplications for predictionof proteinproperties,suchaspredic-
tion of three-statesecondary structure,neuralnetsaretrainedon probabilistic profiles of
a sequence window — a matrix of position-specificemissionand gap probabilities —
learnedfrom aPSI-BLASTalignmentratherthananencodingof thesequenceitself. In this
way, eachinput sequenceis representedprobabilistically by its “neighborhood” in a large
sequence database,where PSI-BLAST neighborsare sequencesthat are closely related
throughevolution. We wish to transferthenotionof profilesto our mismatchrepresenta-
tion of proteinsequences.

We usea standard sequence similarity measurelike BLAST or PSI-BLAST to define a
neighborhood Nbd(x) for eachinput sequencex asthesetof sequencesx′ with similarity
scoretox below afixed E-valuethreshold,togetherwith x itself. Now given afixed original
featurerepresentation, werepresentx by theaverageof thefeaturevectorsfor membersof

its neighborhood: Φnbd(x) =
1

|Nbd(x)|

∑

x′∈Nbd(x) Φorig(x
′). The neighborhoodkernel

is thendefinedby:

Knbd(x, y) =
1

|Nbd(x)||Nbd(y)|

∑

x′∈Nbd(x),y′∈Nbd(y)

Korig(x
′, y′).

Wewill seein theexperimentalresultsthatthissimpleneighborhood-averaging technique,
usedin a semi-supervisedsettingwith themismatchkernel, dramaticallyimproves classi-
ficationperformance.

To seehow theneighborhood approachfits with theclusterassumption,consider a setof
pointsin featurespacethat form a “cluster” or denseregion of thedataset,andconsider
theregionR formedby theunion of theconvex hullsof theneighborhood pointsets.If the
dissimilarity measureis a true distance, the neighborhood averagedvector Φnbd(x) stays
insidetheconvex hull of thevectorsin its neighborhood, all theneighborhoodvectorsstay
within region R. In general, theclustercontractsinsideR under theaveragingoperation.
Thus,under the new representation, differentclusterscanbecome betterseparated from
eachother.



5 The bagged mismatch kernel

Thereexist anumberof clusteringtechniquesthataremuchmoreefficientthanthemethods
mentionedin Section3. For example,theclassicalk-means algorithmis O(rkmd), where
m is thenumber of datapoints,d is their dimensionality, andr is thenumber of iterations
required.Empirically, this running time grows sublinearlywith k, m andd. In practice,it
is computationallyefficient even to runk-meansmultiple times,which canbeusefulsince
k-meanscanconvergeto localminima.We thereforeconsiderthefollowing method:

1. Runk-meansn times,giving p = 1, . . . , n clusterassignmentscp(xi) for eachi.

2. Build a bagged-clusteringrepresentationbaseduponthefractionof timesthatxi

andxj arein thesamecluster:

Kbag(xi, xj) =

∑

p[cp(xi) = cp(xj)]

n
. (1)

3. Take theproduct between theoriginal andbaggedkernel:

K(xi, xj) = Korig(xi, xj) ·Kbag(xi, xj)

Becausek-meansgives differentsolutionson each run, step(1) will give differentresults;
for other clusteringalgorithms onecould sub-samplethe datainstead.Step(2) is a valid
kernelbecauseit is theinnerproduct in annk-dimensional spaceΦ(xi) = 〈[cp(xi) = q] :
p = 1, . . . , n, q = 1, . . . , k〉, andproductsof kernels asin step(3) arealsovalid kernels.
Theintuition behind theapproachis thattheoriginalkernelis rescaledby the“probability”
thattwo pointsarein thesamecluster, henceencoding theclusterassumption.To estimate
thekernelona testsequencex in asemi-supervisedsetting,onecanassignx to thenearest
clusterin eachof the bagged runsto compute Kbag(x, xi). We apply the bagged kernel
methodwith Korig asthemismatchkernel andKbag built usingPSI-BLAST.

6 Experiments

Wemeasuretherecognition performanceof clusterkernelsmethodsby testingtheirability
to classifyproteindomains into superfamilies in the StructuralClassificationof Proteins
(SCOP)[15]. We usethesame54 targetfamiliesandthesametestandtrainingsetsplits
as in the remotehomology experimentsin [7]. The sequencesare7329 SCOPdomains
obtained from version1.59of thedatabaseafterpurging with astral.stanford.edusothatno
pair of sequencessharemorethan95%identity. Comparedto [7], we reduce thenumber
of available labeledtraining patternsby roughly a third. Data set sequencesthat were
neither in the training nor test setsfor experimentsfrom [7] are includedas unlabeled
data. All methods areevaluatedusing the receiver operatingcharacteristic (ROC) score
andtheROC-50,which is theROC scorecomputedonly up to thefirst 50 falsepositives.
More detailsconcerning the experimentalsetupcan be found at http://www1.cs.
columbia.edu/compbio/svm-pairwise.

In all experiments,we usean SVM classifierwith a small soft margin parameter, setas
in [7] . The SVM computationsare performedusing the freely available Spider Mat-
labmachine learningpackageavailableathttp://www.kyb.tuebingen.mpg.de/
bs/people/spider. More information concerning the experiments,including data
andsourcecodescripts,canbe found at http://www.kyb.tuebingen.mpg.de/
bs/people/weston/semiprot.

Semi-supervised setting. Our first experimentshows that the neighborhoodmismatch
kernel makes betteruseof unlabeled data than the baselinemethod of “pulling in ho-
mologs” prior to training the SVM classifier, that is, simply finding closehomologs of
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Figure1: Comparison of protein representationsand classifiersusing unlabeled data.
The mismatchkernel is usedto representproteins,with closehomologs beingpulled in
from theunlabeled setwith PSI-BLAST. Building a neighborhood with theneighborhood
mismatchkernel improvesover thebaselineof pulling in homologs.

BLAST PSI-BLAST
ROC-50 ROC ROC-50 ROC

mismatch kernel 0.416 0.870 0.416 0.870
mismatch kernel + homologs 0.480 0.900 0.550 0.910
neighborhood mismatch kernel 0.639 0.922 0.699 0.923

Table 1: MeanROC-50andROCscoresover 54 targetfamiliesfor semi-supervisedexper-
iments,usingBLAST andPSI-BLAST.

thepositive trainingexamplesin theunlabeledsetandadding themto thepositive training
set for the SVM. Homologs comefrom the unlabeled set (not the testset),and “neigh-
bors” for the neighborhoodkernelcomefrom the training plus unlabeleddata. We com-
parethe methods using the mismatchkernel representation with k = 5 andm = 1, as
usedin [6]. Homologs arechosenvia PSI-BLAST ashaving a pairwisescore(E-value)
with any of thepositive trainingsampleslessthan0.05,thedefault parameter setting[1].
The neighborhoodmismatchkernel usesthe samethresholdto choose neighborhoods.
For the neighborhoodkernel,we normalizebeforeandafter the averagingoperation via
Kij ← Kij/

√

KiiKjj . The resultsaregiven in Figure1 andTable 1. The former plots
thenumber of familiesachieving agivenROC-50score,andastronglyperformingmethod
thusproducesa curve closeto the top right of theplot. A signedrank testshows that the
neighborhood mismatchkernelyields significant improvementover addinghomologs(p-
value3.9e-05). Note that thePSI-BLAST scoresin theseexperimentsarebuilt usingthe
whole databaseof 7329sequences(that is, testsequencesin a given experimentarealso
available to thePSI-BLAST algorithm),so theseresultsareslightly optimistic. However,
thecomparisonof methods in a truly inductive settingusingBLAST shows thesameim-
provement of theneighborhood mismatchkernel over addinghomologs(p-value8.4e-05).
Addinghomologsto the(muchlarger)negativetrainingsetin addition to pulling in thepos-
itive homologsgivespoorerperformance thanonly adding thepositive homologs(results
not shown).

Transductive setting. In the following experiments,we considera transductivesetting,
in which the test points are given to the methods in advance as unlabeled data, giving
slightly improved resultsover the last section. Although this settingis unrealistic for a
real protein classificationsystem,it more easily enables comparison with random walk
andspectralclusteringkernels,which do not easilywork in another setting. In Figure2
(left), we again show the mismatchkernel compared with pulling in homologs and the
neighborhood kernel. This time we alsocomparewith thebaggedmismatchkernel using
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Figure2: Comparison of protein representationsand classifiersusing unlabeleddata
in a transductive setting. Neighborhoodandbaggedmismatchkernels outperformpulling
in closehomologs(left) andequal or outperform previoussemi-supervisedmethods(right).

ROC-50 ROC ROC-50 ROC
mismatch kernel 0.416 0.875 PSI-BLAST kernel 0.533 0.866
mismatch kernel + homologs 0.625 0.924 PSI-BLAST+homologs kernel 0.585 0.873
neighborhood mismatch kernel 0.704 0.917 spectral clustering kernel 0.581 0.861
bagged mismatch kernel (k = 100) 0.719 0.943 random walk kernel 0.691 0.915
bagged mismatch kernel (k = 400) 0.671 0.935 transductive SVM 0.637 0.874

Table 2: MeanROC-50andROC scoresover 54 target familiesfor transductive experi-
ments.

baggedk-meanswith k = 100 andn = 100 runs,which gave thebestresults.We found
themethod quiteinsensitive to k. Theresultfor k = 400 is alsogiven in Table 2.

We then comparethesemethods to using random walk and spectralclusteringkernels.
Both methods do not work well for themismatchkernel (seeonlinesupplement),perhaps
becausethe featurevectorsaresoorthogonal. However, for a PSI-BLAST representation
via empiricalkernelmap,therandom walk outperformspulling in homologs. We take the
empirical map with Φ(x) = 〈exp(−λd(x1, x)), . . . , exp(−λ(d(xm, x))〉, whered(x, y)
arePSI-BLAST E-values andλ = 1

1000 , which improves over a linear map. We report
resultsfor thebestparameter choices,t = 2 for therandom walk andk = 200 for spectral
clustering. We found the latter quite brittle with respectto the parameterchoice; results
for other parameterscan be found on the supplemental web site. For pulling in close
homologs, we take the empirical kernel map only for points in the training set and the
chosen closehomologs. Finally, we also run transductive SVMs. The resultsaregiven
in Table 2 andFigure2 (right). A signedrank test(with adjustedp-valuecut-off of 0.05)
finds no significant difference between the neighborhoodkernel,the baggedkernel (k =
100), andtherandom walk kernelin this transductivesetting.Thusthenew techniquesare
comparablewith randomwalk, but arefeasibleto calculateon full scaleproblems.

7 Discussion

Two of the most importantissuesin proteinclassicationarerepresentationof sequences
andhandling unlabeled data. Two developmentsin recent kernel methodsresearch,string
kernelsandclusterkernels,addresstheseissuesseparately. Wehavedescribed two kernels
— the neighborhood mismatch kernel andthe bagged mismatch kernel — that combine



bothapproaches andyield state-of-the-artperformancein proteinclassification. Practical
useof semi-supervisedproteinclassificationtechniquesrequirescomputationalefficiency.
Many clusterkernelsrequirediagonalizationof thefull labeledplusunlabeleddatakernel
matrix. Theneighborhood andbaggedkernelapproaches,usedwith anefficient string ker-
nel,arefastandscalable clusterkernelsfor sequencedata. Moreover, thesetechniquescan
beapplied to any problemwith ameaningful localsimilarity measureor distancefunction.

Futurework will deal with additional challengesof proteinclassification:addressingthe
full multi-classproblem,which potentially involves thousandsof classes;handling very
small classeswith few homologs; anddealing with missingclasses,for which no labeled
examplesexist.
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