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Abstract

A key issuein supervisegbroteinclassificatioris therepresention of in-

put sequenesof aminoacids. Recem work usingstring kernds for pro-
tein datahasachieved state-of-the-artlassificationperformane. How-

ever, suchrepresentationare basedonly on labelal data— exanples
with known 3D structures,organzed into structuralclasses— while

in practice unlabéed datais far more plertiful. In this work, we de-
velop simpleandscalalte clusterkerneltechnigwesfor incorporatingun-
labeleddatainto the representationf proteinsequaces. We show that
our method greatlyimprove theclassificatiorperformane of stringker-

nelsandoutpeform standarcapprachedor usingunlabéed data,such
asaddng closehomdogs of the positive examplesto the training data.
We achieve equad or superiomperformareto previously presentd cluster
kernd method while achievzing far greatercomputationé efficiency.

1 Introduction

A certral problemin compuationalbiology is the classificatiorof proteinsinto functional

and structuralclassegiven their amino acid sequenes. The 3D structurethat a protein
assumesfterfolding largely determinests functionin the cell. However, it is far easier
to deteamine experimentallythe primary sequéce of a proteinthanit is to solve the 3D

structure.Throuch evolution, structureis moreconseredthansequene,sothatdeteding

even very subtlesequene similarities, or remotehomolay, is importantfor prediding

function.

The major methals for homdogy detectioncanbe split into threebasicgroups: pairwise
sequacecompmarisonalgorithms[1, 2], gereratve modelsfor proteinfamilies[3, 4], and
discriminatve classifierd5, 6, 7]. Popula sequa&cecomparisonmethod suchasBLAST

*Supplementainformationfor the paper including the datasetsand Matlab sourcecodecanbe
foundon this authors web pageat http://wwwkyb.tuebing@.mpg.de/bs/people/ston/semiprot



andSmith-Watemanarebasedn unsugrvisedalignmen scores Generatre modds such
as profile hiddenMarkov modds (HMMs) model positive exanplesof a proteinfamily,
but they canbe trainediteratively using both positively labeled and unlakeled examples
by pulling in closehomdogs andaddng themto the positive set. A compronise betwea
thesemethod is PSI-BLAST [8], which usesBLAST to iteratively build a probabilistic
profile of aquerysequeneandobtainamoresensitve sequacecompaisonscore.Finally,
classifierssuchasSVMs usebothpositive andnegative examplesandprovide state-of-the-
artperformarcewhenusedwith apgopriatekerneld5, 6, 7]. However, theseclassifiersstill
requireanauxiliary method(suchasPSI-BLAST)to hardle unlakeleddata:onegeneally
addspredctedhomolagsof thepositive trainingexamplesto thetrainingsetbeforetraining
theclassifier

In practice relatively little labded datais availade — approximately30,0® proteinswith
known 3D stucture, somebelorging to familiesandsuperémilieswith only a hardful of
labeledmemlers— whereagherearecloseto onemillion sequenedproteins,providing
ahundantunlabded data New semi-supervisetkarningtechnigesshouldbeableto make
betteruseof this unlabéed data.

Recent work in semi-supervisedearning has focusedon charging the representéon
given to a classifierby taking into accaint the structuredescribedby the unlakeled data
[9, 10, 11]. Theseworks canbe viewed ascasesof clusterkernds, which produe sim-
ilarity metricsbasedon the clusterassumption namdy, two pointsin the same“cluster”
or region of high densityshouldhave a small distanceto ead other In this work, we
investicpte the useof clusterkernelsfor protein classificationby developing two simple
and scalablemethals for modifying a basekernel. The neighlmrhood kernel usesaver-
agingover a neigtborhodal of sequenesdefinedby a local sequace similarity measure,
andthe bagged kernel usesbagged clusteringof the full sequace datasetto modify the
basekernel.In boththe semi-supervisedndtransductie settingsthesetechriquesgreatly
improve classificatiorperformane whenusedwith mismatchstring kernels,andthetech-
nigues acheve equal or superiorresultsto all previously presentedlusterkernd methods
that we tried. Moreover, the neightorhood and bagged kernel approache are far more
computationallyefficient thanthesecompéeing method.

2 Representationsand kernelsfor protein sequences

Proteinscanbe representedsvariale lengh sequaces,typicdly several hurdredcha-
acterslong, from the alphaetof 20 aminoacids. In orderto uselearningalgorithmsthat
requirevedor inputs,we mustfirst find a suitablefeaturevector representatiormappirg
sequacez into a vector spaceby « — ®(z). If we usekernd methals suchasSVMs,
which only needto computeinnerprodicts K (z,y) = (®(z), ®(y)) for trainingandtest-
ing, thenwe canaccanplishthe abose mappng usingakernelfor sequacedata.

Biologicdly motivated sequacecompaisonscores|ike Smith-Watermaror BLAST, pro-
vide an appealingrepresetation of seqencedata. The Smith-Waterma (SW) algorithm
[2] usesdynamic programning to compute the optimallocal gappedalignment scorebe-
tweentwo sequaceswhile BLAST [1] appraximatesSW by computing a heuristic align-
mentscore.Both method returnempirically estimatecE-values indicating the confidene
of the score. Thesealignmer-basedscoresdo not defire a positive defirite kernel; how-
ever, onecanuseafeaturerepresentatiobasedntheemprical kernd map

O(z) = (d(z1,2),...,d(Tm, )

whered(z,y) is the pairwisescore(or E-valug betwea = andy andz;, i = 1...m,
arethe training sequenes. Using SW E-valuesin this fashiongives strongclassification
performane[7]. Note,however, thatthemethal is slow, bothbe@ausecomputingead SW
scoreis O(|z|?) andbecaisecomputing ead empirically mappel kerne valueis O(m).



Anothe appealingideais to derive the featurerepresentatiofrom a geneative mode for

a proteinfamily. In the Fisherkernd method[5], onefirst builds a profile HMM for the

positive training sequaces,defiring a log likelihoad functionlog P(x|6) for ary protein
sequacez. Thenthegradient vector Vg log P(z|0)|e=0,. Whered, is the maximumlike-

lihood estimatefor modd parametes, definesan explicit veador of featurescalled Fisher
scoresfor z. Thisrepresetationgives excellentclassificatiorresults but the Fisherscores
mustbecompuedby anO(|z|?) forward-ba&wardalgorithm,making thekerneltractable
but slow.

It is possibleto construcusefulkernelsdirectly withoutexplicitly depadingongeneative
modds by using string kernels. For exanple, the mismatchkernel [6] is defined by a
histogram-lile featuremapthat usesmismatchedo captue inexact string matching The
featurespacds indexedby all possiblek-lengthsubsequecesae = a;as . . . ai, whereeat

a; is achaacterin thealphalet .4 of aminoacids.Thefeaturemapis definedon k-grama

by ®(a) = (¢s(a)) 4= Wheregg(a) = 1 if « is within m mismatchs of 3, 0 othewise,
andis exterdedadditively to longersequenes: ®(z) = ;s (). Themismatch
kernelcanbe computedefficiently usingatrie datastructure:the comgexity of calculding

K(z,y)isO(ck (Jz| +|y|)), wherecx = k™*1|.A|™. Fortypicd kernelparametesk = 5

andm = 1 [6], the mismatchkernelis fast,scalableandyields impressie performane.
Many othe interestingnodelsandexamplesof string kernelshaverecertly beenpreseted.
A sunwey of relatedstringkernelwork is given in the longerversionof this pape.

String kernelmethals with SVMs are a powerful apgroachto protein classificationand
have corsigently performedbetterthannon-dscriminative techniges[5, 7, 6]. However,
in a real-world setting,proteinclassifiershave accessto unlakeleddata. We now discuss
how to incorpaate suchdatainto the representatiogiven to SVMs via the useof cluster
kernels.

3 Cluster kernelsfor protein sequences

In semi-supervisedearning,onetries to improve a classifiertrainedon labded databy
exploiting (a relatively large setof) unlakeled data. An extensive review of techniques
canbefoundin [12]. It hasbeenshovn experimentallythatunder certainconditiors, the
decisionfunction canbe estimatednoreaccuraely in a semi-supervisedetting,yielding
lower gereralizationerror  The mostcommonassumptionrone makesin this settingis
calledthe “cluster assumptiori, nanely thatthe classdoesnot change in regionsof high
density

Although classifieramplemern the clusterassumptiorin various ways,we focuson clas-
sifiersthatre-representhe given datato reflectstructurerevealedby unlakeleddata. The
mainideais to chang the distancemetric sothattherelative distancebetwee two points
is smallerif the points arein the samecluster If oneis usingkernels ratherthanexplicit

featurevedors, onecanmodify the kerné representatioiby constructinga clusterkernd.

In [10], a geneal framework is presentedor producing clusterkernds by modifying the
eigerspectrumof the kernelmatrix. Two of the main methals preseted arethe randam
walk kernelandthe spectal clusteringkernel

Therandon walk kernd is a normdized and symmetrizedversionof a transitionmatrix
correspoding to a ¢-steprandan walk. The randomrepresenti#on describedn [11] in-
terpretsan RBF kernd asa transitionmatrix of a randon walk on a graphwith vertices
zi, P(z; — z;) = ZKi?ip' After t steps,the probaility of going from a point z; to a
point z; shouldbe high if the pointsarein the samecluster This transitionprobalility
canbe calculaed for the entirematrixas P! = (D~'K)*, whereD is a diagaal matrix

suchthat D;; = Zp K;,. To obtaina kernel, one performsthe following steps. Com-




pute L = D~'/2KD~!/? andits eigerdecanposition, = UAU . let \; — !, where
A\i = Ay, andlet L = UAUT. Thenthenew kernd is K = D'/2LD'/2, whereD is a
diagmal matrixwith D;; = 1/L;;.

The spectralclusteringkernelis a simple useof the representatiomerived from spectral
clustering[13] usingthefirst k eigervectors.Onecompuesthe eigawvedors (vy, . . ., vk)
of D~ KD~z with D definedasbefore,giving the representation(z;), = vp;. This
vedor canalsothenbe normalizel to have length1. This approachhasbeenshavn to
prodwce awell-clusteredepresenti#on. While in spectraklustering,onethenperformsk-
mearsin thisrepresention, hereonesimply givestherepresetationasinputto aclassifier

A seriousproblemwith thesemethod is thatonemustdiagoralize a matrix the sizeof the
setof labeledandunlaleleddata. Othermethals of implemerting the clusterassumption
suchastransductre SVMs|[14] alsosuffer from compuationalefficiency issues A secom
drawbackis thatthesekernds arebettersuitedto a transdutive setting(whereoneis given
both the unlakeledandtestpointsin adwence ratherthana semi-supervisingetting. In
orderto estimatethe kernelfor a sequ@ce not presentduring training, oneis forcedto
solve a difficult regressionproblem [10]. In the next two sectionswe will describetwo
simplemethod to implemern the clusterassumptiorthatdo not suffer from theseissues.

4 Theneighborhood mismatch kernel

In mostcurrentlearningapplicdions for predictionof proteinpropertiessuchaspredic-
tion of three-statesecomlary structure,neuralnetsaretrainedon probailistic profiles of
a sequene window — a matrix of position-specificemissionand gap probailities —
learnedrom aPSI-BLASTalignmentratherthananenmdingof thesequeneitself. In this
way, eachinput sequeneis represeted probalilistically by its “neighborhoa” in alarge
sequace datdase,where PSI-BLAST neighborsare sequenesthat are closely related
throughevolution. We wish to transferthe notion of profilesto our mismatchrepresenta-
tion of proteinsequenes.

We usea standad sequene similarity measurdike BLAST or PSI-BLAST to define a
neigtborhoa Nbd(z) for eachinput sequene = asthe setof sequacesz’ with similarity
scoreto = belov afixed E-valuethresholdtogeherwith z itself. Now given afixed original
featurerepresentatiorwe represent: by the averageof thefeaturevectorsfor membes of

its neighborhod: ®,,,4(z) = M foerd(a;) ®,,iq(2"). Theneightorhoodkernel
is thendefiredby:
1
Knbd(x; y) TN TR ITN VT2 Z Korig(mla y/)

NBSINO ¢ vy

We will seein the experimentalresultsthatthis simpleneigtborhoal-averagng techique,
usedin a semi-supervisedettingwith the mismatchkernd, dramaticallyimproves classi-
ficationperformane.

To seehow the neighhorhoal appoachfits with the clusterassumptionconside a setof

pointsin featurespacethatform a “cluster” or derseregion of the dataset,andconsider
theregion R formedby theunion of the cornvex hulls of the neightorhoal point sets.If the
dissimilarity measurds a true distance the neigtborhoal averagedvector ®,,;,4(x) stays
insidethe corvex hull of thevedorsin its neightorhood all the neightbrhoodvedorsstay
within region R. In geneal, the clustercortractsinside R unde the averagingope&ation.

Thus, under the new represetation, different clusterscan became betterseparged from

eachother



5 Thebagged mismatch kernel

Thereexist anumker of clusteringtechnquesthataremuchmoreefficientthanthemethods
mentioredin Section3. For example,the classicalk-mears algorithmis O (rkmd), where
m is thenumbe of datapoints,d is their dimensiondty, andr is the numker of iterations
required.Empirically, this running time grows sublinearlywith &, m andd. In practice,it
is compuationally efficient even to run k-meanamultiple times,which canbe usefulsince
k-meanscancornvergeto local minima. We thereforeconsiderthe following method

1. Runk-means: times,givingp = 1, ..., n clusterassignments, (x;) for eachi.

2. Build abagged-clusteringepresentatiobhaseduponthe fraction of timesthat z;
andz; arein thesamecluster:

2plen(Ei) = cplay)]

Kbag(J?i,J?j) = n . (1)

3. Taketheprodict betwea the originalandbaggedkernel:
K(zi,75) = Korig(zi,75) - Kpag(zi, ;)

Becaisek-meangyives differentsolutionson ead run, step(1) will give differentresults;
for othe clusteringalgarithms one could sub-samplehe datainstead. Step(2) is a valid
kernelbeauseit is theinnerprodict in annk-dimensiorl spaced(z;) = ([cp(z:) = ¢] :
p=1,...,n,qg = 1,...,k), andprodicts of kernds asin step(3) arealsovalid kernds.
Theintuition behird theapprachis thattheoriginal kernelis rescaledy the“probability”
thattwo pointsarein the samecluster henceencaling the clusterassumptionTo estimate
thekernelonatestsequacex in asemi-supervisedetting,onecanassignz to theneaest
clusterin eachof the bagged runsto compue Ky, (2, z;). We apply the bagged kernel
methodwith K,,;, asthemismatchkernd and K, built usingPSI-BLAST.

6 Experiments

We measureherecogrtion performarce of clusterkernelsmethod by testingtheir ability
to classify proteindomairs into superémiliesin the StructuralClassificationof Proteins
(SCOP)[15]. We usethe sameb4 targetfamiliesandthe sametestandtraining setsplits
asin the remotehomdogy experimentsin [7]. The sequacesare 732 SCOPdomains
obtainal from version1.590f the databaeafter purging with astral.stanford.edsothatno
pair of sequenessharemorethan95%identity. Comparedto [7], we redue the numker
of availabe labeledtraining patternsby roughly a third. Data set sequenesthat were
neitherin the training nor test setsfor experimentsfrom [7] areincludedas unlateled
data. All methals are evaluatedusingthe recever operatingcharateristic (ROC) score
andthe ROC-50,whichis the ROC scorecompuedonly up to thefirst 50 falsepositives.
More details conerning the experimentalsetupcan be found at ht t p: / / wwwl. cs.
col unbi a. edu/ conpbi o/ svm pai rw se.

In all experiments,we usean SVM classifierwith a small soft magin paraneter setas
in [7] . The SVM conputationsare performedusing the freely availade Spide Mat-
lab machire learningpackaje availableatht t p: / / ww. kyb. t uebi ngen. npg. de/
bs/ peopl e/ spi der. More information conerning the experiments,including data
and sourcecodescripts,canbefoundat ht t p: / / www. kyb. t uebi ngen. npg. de/
bs/ peopl e/ west on/ sem prot .

Semi-supevised setting.  Our first experimentshaws that the neighlibrhood mismatch
kernel makes better use of unlabded datathan the baselinemethal of “pulling in ho-
mologs” prior to training the SVM classifier that is, simply finding closehomologs of
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Figurel: Comparison of protein representationsand classifiersusing unlabeled data.
The mismatchkernd is usedto represenproteins,with closehomdogs beingpulledin
from the unlabéed setwith PSI-BLAST. Building a neighborhoal with the neighhorhoal
mismatchkernel improvesover the baselineof pulling in homolas.

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

Tabe 1: MeanROC-50andROC scoresover 54 targetfamiliesfor semi-supervisedxper-
iments,usingBLAST andPSI-BLAST.

the positive trainingexamplesin the unlabeledsetandaddng themto the positive training
setfor the SVM. Homologs comefrom the unlabded set (not the test set), and “neigh-
bors” for the neighlorhoodkernelcomefrom the training plus unlakeled data. We com-
parethe method using the mismatchkerné represetationwith &k = 5 andm = 1, as
usedin [6]. Homdogsarechosenvia PSI-BLAST ashaving a pairwisescore(E-value)
with ary of the positive training sampledessthan0.05, the default paraméer setting[1].

The neightorhood mismatchkernel usesthe samethresholdto choose neightorhoods.
For the neightorhoodkernel, we normalizebeforeand after the averaging opeation via
K;; — K;j/\/K;iK;;. Theresultsaregiven in Figurel andTable 1. Theformer plots
thenumbe of familiesacheving a givenROC-50score anda stronglyperformingmethal

thusprodiwcesa curve closeto the top right of the plot. A signedranktestshavs thatthe
neighborhoa mismatchkernelyields significart improvementover addinghonologs (p-

value 3.9e-®). Notethatthe PSI-BLAST scoresin theseexperimentsarebuilt usingthe
whole databae of 7329sequaces(thatis, testseqencesn a given experimentare also
available to the PSI-BLAST algorithm),sotheseresultsareslightly optimistic. However,

the comparisonof method in a truly indudive settingusingBLAST shaws the sameim-

provemert of the neighborhoal mismatchkernd over addinghomolags (p-value8.4e-05.

Addinghomolaysto the (muchlarger) negative trainingsetin addtion to pulling in thepos-
itive homolas givespoorerperformane thanonly addng the positive honologs (results
notshaown).

Transductive setting.  In thefollowing experiments,we corsidera transdctive setting,
in which the test points are given to the method in advane as unlakeled datg giving
slightly improved resultsover the last section. Although this settingis unredistic for a
real protein classificationsystem,it more easily enalbes compaison with randan walk
andspectralclusteringkernels,which do not easilywork in anotter setting. In Figure 2
(left), we aggin shav the mismatchkernd compaed with pulling in homdogs and the
neighborhoal kernd. This time we alsocomparewith the bagged mismatchkerné using
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Figure2: Comparison of protein representationsand classifiersusing unlabeled data
in atransductive setting. Neighlorhoodandbaggdmismatchkernds outperformpulling
in closehomolays(left) andequa or outpaform previoussemi-supervisethethod (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

Tabe 2: MeanROC-50and ROC scoresover 54 target familiesfor transdutive experi-
ments.

bagged k-meanswith £ = 100 andn = 100 runs,which gave the bestresults. We found
themethal quiteinsensitve to k. Theresultfor £ = 400 is alsogiven in Tade 2.

We then comparethesemethod to using rancom walk and spectralclusteringkernds.

Both method do not work well for the mismatchkernd (seeonline supplenent), perhas
becaisethe featurevectorsareso orthogonal. However, for a PSI-BLAST representdon

via empiricalkernelmap,the randan walk outpeforms pulling in homolays. We take the
empirical mapwith ®(z) = (exp(—Ad(z1,z)),...,exp(—=A(d(zm, x))), whered(z,y)

are PSI-BLAST E-valuesand )\ = ﬁ which improves over a linear map. We report
resultsfor the bestparametechdces,t = 2 for therandan walk andk = 200 for spectral
clustering. We found the latter quite brittle with respectto the parametercchoice results
for other paraneterscan be found on the supplenental web site. For pulling in close
homdogs, we take the empirical kernelmap only for pointsin the training setand the
chosa closehomdogs. Findly, we alsorun transductre SVMs. The resultsare given

in Table 2 andFigure2 (right). A signedranktest(with adjustedp-value cut-off of 0.05)
finds no significant differen@ between the neighlorhoodkernel,the baggedkernd (k =

100), andtherandam walk kernelin this transductre setting. Thusthe new technquesare
comparablewith randomwalk, but arefeasibleto calcdate on full scaleproblems.

7 Discussion

Two of the mostimportantissuesin proteinclassicatiorare representationf sequaces
andhardling unlabéed data Two developmentsin recert kernd methodsresearchstring
kernelsandclusterkernelsaddesstheseissuesepaately We have describe two kernds
— the neighhorhoa mismat kernel and the bagged mismatt kernel — that combire



bothappoache andyield state-of-the-arperformarcein proteinclassification. Practical
useof semi-supervisegroteinclassificatiortechniquesrequirescomputationalefficiency.
Many clusterkernelsrequirediagoralizationof thefull labeledplusunlakeleddatakernel
matrix. Theneigthorhoa andbaggedkernelapprachesusedwith anefficient string ker-
nel, arefastandscalalte clusterkernelsfor sequenedata Moreover, thesetechniqiescan
beapgdied to ary problemwith a mearingful local similarity measurer distancefunction.

Futurework will ded with additiona challengsof proteinclassification:addressinghe
full multi-classproblem,which potentially involves thousads of classeshardling very
small classewith few homdogs; anddeding with missingclassesfor which no labelal
examplesexist.
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