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Abstract

Motivation: In orderto extract proteinsequencefrom nu-
cleotidesequencest is animportantstepto recognizepoints
atwhich regionsstartthatcodefor proteins. Thesepointsare
calledtranslationinitiation sites(TIS).

Results: Thetaskof finding TIS canbe modeledasa clas-
sification problem. We demonstratehe applicability of sup-
port vectormachinegSVMs) for this task,andshav how to
incorporateprior biologicalknowledgeby engineeringanap-
propriatekernelfunction. With the describedechniqueghe
recognitionperformancecanbe improved by 26% over lead-
ing existing approaches.We provide evidencethat existing
relatedmethodg(e.g. ESTScan) could profit from advanced
TIS recognition.

Contact: AlexanderZien@gmd.de,
GunnarRaetsch@first.gmd.de.

Intr oduction

Living systemsare determinedby the proteinsthat they pro-
ducebasedon their genomes.But only partsof the genomic
text in fact codefor proteins. Thesepartsare called coding
sequencéCDS). Therefore givena pieceof DNA or mRNA
sequenceit is a centralproblemin computationabiology to
determinewhetherit containsCDS, and,if so,for which pro-
teinit codes.

In principle, both CDS and the encodedprotein can be
characterizedising alignmentmethods. Programscapable
of aligningnucleotidesequenceto proteindatabasesclude
FASTX/ FASTY (Pearsoret al., 1997),Sear chW se (Bir-
ney etal., 1996)andBLASTX (Gish & States1993). How-
ever, this approachis hamperedby two severe problems:
First, there are several sourcesof noise making the task
more difficult and errorpronethan pure protein alignment:
(i) The correctstrandand readingframe have to be found.
(ii) Additionalfalsehits mayresultfrom misinterpretinghon-
codingsequencasCDS. (iii) Sequencingerrorsmay disrupt
thecorrectreadingrame. Thisis aparticularlystrongproblem
for low quality sequencelik e the popularexpressedequence
tags(ESTs). Secondapproachebasedon alignmentrely on

homologougproteinsbeingknown. Thusthey cannotbe used
to find novel genes.Hence,a methodto identify CDSin nu-
cleotidesequences desirablepothin orderto easethe task
for alignment-basedpproacheandto find new genes.

Sinceliving cellsareableto distinguishbetweenCDS and
othernucleotidesequencgartswithout utilizing any homol-
ogyinformation,thisshouldalsobepossibl€or computeipro-
grams,in principle. In fact, therearealgorithmsthatidentify
CDS merelyrelying on propertiesintrinsic to nucleotidese-
guences. The most successfuprogramsinclude GENSCAN
(Burge & Karlin, 1997) for genomicDNA and ESTScan
(Iseli etal., 1999)for ESTs. ESTsaresingle-readpartial se-
guenceslervedfrom mRNA thatareparticularlyerrorprone.
ESTScan implementsfifth-orderhiddenMarkov modelthat
simultaneouslyrecognizesCDS by typical oligo-nucleotide
frequenciesndcorrectssequencingrrors. It doesnotincor
poratea model of translationinitiation site (TIS) sequences,
althoughthey markthebeginningof CDS.GENSCANemploys
generalizedhiddenMarkov modelsto capturethe structureof
anentiregenomelt incorporateprobabilisticmodelsof DNA
signalsequencescluding TIS, stopcodonsandsplicessites,
aswell ascompositionaffeaturesand length distributions of
differentgenomicregions. Despiteits overall sophistication,
GENSCAN usesa relatively crudeTIS model: a pieceof se-
guencsds assigned probabilityfor beinga TIS, basedn the
positional relative frequenciesof individual nucleotidesob-
senedaroundatrueTIS.

There is a number of more elaboratemodels for TIS.
Salzbeg extends the positional probabilities (as used by
GENSCAN) to first-orderMarkovian dependenciefSalzbeg,
1997). Thisis essentiallya properprobabilisticmodelof po-
sitional di-nucleotidesand leadsto a significantincreasein
recognitionperformanceTherealsoaremethodgo explicitly
capturecorrelationshetweemon-adjacenpositionsnearTIS
or othersignalg(Agarwal & Bafna,1998b),possiblyproviding
insightinto themechanismsf translatiorinitiation. However,
sincefew suchcorrelationscanbe provedto be significantin
TIS sequenceshey afford little gainfor TIS recognition.

All modelsdiscussedso far can be called generatie, as
they canbeusedto generatgotentialTIS sequencewith ap-
proximatelythe true probability distribution. Applying such



modelsasequencés considere@ TIS if the probabilitywith
which the sequencés generatedy the modelexceedssome
threshold. The more closely the true distribution is approx-
imated, the betterthis approachworks. By using so-called
discriminative methods,often a superiordistinction can be
achievedbetweertrue TIS andsimilarly looking piecesof se-
quence(calledpseudacsiteg. Thesemethodsaim at learning
to discriminatecertainobjectsfrom others without explicitly
consideringorobability distributions.

For example,the programATGpr (Salame et al., 1998)
usesa linear discriminantfunction that combinesseveral sta-
tistical measuregslerived from the sequence.Eachof those
featureds designedo discriminatebetweertrueandpseudo-
TIS. Learningallows to find a (linear) weightedcombination
of featureghatachievesa high level of discriminationon the
trainingsetaswell asonthetestset.

A radically different approachto learning a discriminat-
ing function is taken by Pederserand Nielsen (Pederser&
Nielsen,1997). They train an artificial neuralnetwork (NN)
to predictTIS from afixed-lengthsequencevindow arounda
potentialstartcodon(ATG). Theinputof theNN consistof a
binary encodingof the sequenceno higherlevel featuresare
supplied. The intriguing ideais thatthe NN learnsby itself
which featuresderived from the sequenceareindicative of a
trueTIS.

Of the describedmethods,only ATGpr makes useof the
ribosomescanningmodel (Kozak, 1989). Accordingto this
model, the translationstartsat the first occurrenceof a start
codonin themRNA, andthusotherstartcodondurtherdown-
streamareinactive (pseudcsites). However, it is now known
thatnucleotidesdjacento thestartcodonarealsorelevantfor
translationinitiation, e.g. (Kozak,1997). Thescanningnodel
canbecombinedwith ary TIS recognitiormethod andis con-
firmedby theresultingimprovementf recognition(Agarwal
& Bafna,1998a). The modelis orthogonalto TIS signalse-
quenceecognitionitself andis limited to completemRNA se-
quenceswhich prohibitsapplicationto ESTs. Therefore we
will notconsiderit in thefollowing.

In this paper we shawv that we canoutperformestablished
methodsfor TIS recognitionby applying supportvectorma-
chines(SVMs) (Boseretal., 1992;Vapnik,1995).Like NNs,
SVMs area discriminative supervisednachineearningtech-
nology, i.e. they needtraining with labeledempiricaldatain
orderto learnthe classification.For the taskof TIS recogni-
tion, we shav that SVMs canbe superiorto NNs. To achieve
this performancegainwe usea particularlyvaluableproperty
of SVMs: the ability to adaptthemto the problemat handby
including prior knowledgeinto the so-calledkernelfunction.
Here,we demonstratéow to incorporatebasicknowledgeof
the translationprocess. The paperis structuredas follows:
we first give a brief descriptionof the SVM technique then
presentexperimentsandfinally discussresultsand potential
applications.

Systemand methods

Support Vector Machines

Formally, SVMs, like ary otherclassificatiormethod,aim at
estimatinga classificatiorfunction f : X — {1} usingla-
belledtrainingdatafrom X' x {£1} suchthat f will correctly
classifyunseerexampleg(testdata).In our case X will con-
tain simple representationsf sequenceavindows, while +1
correspondso true TIS andpseudasites,respectiely.

In order to be successfultwo conditionshave to be re-
spected.First, the training datamustbe an unbiasedsample
from the samesourceasthe testdata. Technicallyspeaking,
trainingandtestdatahave to obey the sameunderlyingproba-
bility distribution. This concernghe experimentaketup.Sec-
ond,ameasuref thesizeof theclassof functionsfrom which
we chooseour estimatef, the so-calledcapacityof thelearn-
ing machinehasto besensiblyrestricted If thecapacityistoo
small, complex discriminantfunctionscannotbe sufficiently
well approximatedy ary selectabldunction f —thelearning
machineis too simpleto learnwell. On the otherhand,too
large a capacitybearsthe risk of losing the ability to learna
functionthatgeneralizesvell to unseerdata. Thereasorlies
in the existenceof infinitely mary functionsthat are consis-
tentwith thetrainingexamplesbut disagreeon unseer(test)
examples.Thosefunctionswould perfectlymemorizethe par
ticular examplesusedfor training, but could not generalize.
Pickingsucha functionis calledoverfitting.

In neural network training, overfitting is avoided by
early stopping,regularizationor asymptoticmodel selection
(Bishop,1995;0rr & Miller, 1998).In contrastthe capacity
of SVMsis limited accordingo thestatisticattheoryof learn-
ing from smallsamplegVapnik,1995).Forlearningmachines
implementinglinear decisionfunctions,oneway of limiting
thecapacityis to enforcealargemagin of separatiobetween
the classes. The main is the minimal distanceof training
pointsto the separatiorsurface. Finding the maximummar
gin separatiorcan be castinto a corvex quadraticprogram-
ming (QP) problem(Boseretal., 1992). Thetime complexity
of solvingsucha QP scalesapproximatelybetweerguadratic
andcubicin the numberof training patterng(see(Schblkopf
etal., 1999)).

In orderto maximizethe generalizatiorpower, oftenit is
profitableto misclassifysomeoutlying training datapointsin
orderto enlagethe mamin betweerthe othertraining points.
This is theoretically founded by statistical learning theory
(Vapnik, 1995). This 'neglectful’ learningstrat@y alsomas-
tersinseparablelata(Cortes& Vapnik,1995;Schblkopfetal.,
2000),which frequentlyoccurin real-world applications See
Figure 1 (a) for an example. The trade-of betweenmamgin
sizeandnumberof misclassifiedraining pointsis controlled
by a parameteiof the SVM, which canthereforebe usedto
controlits capacity This extensionstill permitsoptimization
via QP (Cortes& Vapnik,1995).

It is temptingto think that linear functionscan be insuffi-
cient to solve comple classificationtasks. A little thought
revealsthat,in fact, this dependon the representatiownf the
datapoints. Frequently naturaldefinitionsof input spaceare
usedthat tend to minimize dimensionalityand avoid redun-
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Fig. 1. Threedifferentviews on the samedot versuscrossseparatiorproblem. The datapointsclosestto the separatioriine
are calledsupportvectors. (a) In this example,a linear separatiorof the input pointsis not possiblewithout errors. Eventhe
misclassificatiorof onedatapoint permitsonly a smallmargin. Theresultinglinear classificatiorfunctionlooks inappropriate
for thedata.(b) A betterseparatioris permittedby nonlinearsurfacesn inputspace(c) Thesenonlinearsurfacescorrespondo
linearsurfacesin featurespace.Datapointsare mappedrom input spaceto featurespaceby the function ® thatis implied by

thekernelfunctionk (seemaintext).

dang. Then,linearity may easilybetoo restrictve. However,
we arefree to define(possiblyredundantfeaturesthat non-

linearly derive from any numberof input spacedimensions.

Evenfor complex problems,well chosenfeaturescould ide-
ally berelatedto therespectre classificatiorby rathersimple
meanse.g.by alinearfunction(cf. Figurel).

Any linear learningmachinecan be extendedto functions
thatarenonlinearin input spacet’ by explicitly transforming
the datainto a featurespaceF usinga nonlinearmap ® :
X — F (seeFigurel). SVMs cando so implicitly, since
all informationthat we needto supplyto the SVM for both
training andclassificationare inner productsof pairsof data
points®(z), ®(y) in featurespaceF. Thus,we only needto
supply a so-calledkernel function that computesheseinner
products.This kernelfunctionk implicitly definesthefeature
spacevia

k(x,y) = (3(x), ®(y))-

Not everyfunctionk : X x X — R is avalid kernelfunction.
The map® andthe correspondindeaturespaceare guaran-
teedto exist for functionsthatsatisfyMercers condition(see,
e.g.,(Boseretal., 1992)). Using kernelfunctionsto compute
the dot products,we can computationallyafford very large
(e.g.10'°-dimensionalfeaturespaces.SVMs canstill avoid
overfittingthanksto the margin maximizationmechanismsSi-
multaneouslythey canlearnwhich of thefeaturesmplied by
k aredistinctive for the two classes.Thus,insteadof having
to designwell-suitedfeaturesby oursehes (which can often
be difficult), we canusethe SVM to selectthemfrom a suffi-
ciently rich featurespace.Of course,t will be helpful if the
kernelsuppliesasetof featureselatedo thecorrectclassifica-
tion. In thefollowing sectionswe will shav how to boostthe
proces®f learningby choosingappropriatékernelfunctions.

Data sets

Little experience exists in the application of SVMs to
biomoleculamproblemg(we only know of work on remoteho-

mology detection(Jaaklola et al., 1999)andon geneexpres-
sion analysis(Brown et al., 2000)). Therefore,we compare
the performanceof our SVMs to that of the mostpopularal-
ternative generapurposemachindearningtechnologyneural
networks (NNs), trainedby NN expertson the sameproblem
domain.In orderto do so,we usethe NN resultsandthe ver
tebrateT|S setprovidedby PederseandNielsen(Pedersei&
Nielsen,1997)asdescribedbelon. We take careto only re-
placethe learningmachinerywhile retainingthe setting: the
definitionof trainingandtestdatasetsaswell asthedefinition
of input space.We alsocompareour SVM resultsto the per
formanceof anothersuccessfulllS recognitionmethod,the
positionalconditionalprobabilitymethod(Salzbeg, 1997).

Theoriginal sequencesetof PederseandNielsenhasbeen
assembledrom high quality nucleargenomicsequencesf a
selectecsetof vertebratesakenfrom GenBankBensoretal.,
1998).All intronswereremoved,in analogyto the splicing of
MRNA sequencesOnly high quality entrieswith at least10
nucleotidesupstreamand 150 downstreamof the startcodon
wereselected.In orderto avoid over-optimistic performance
estimatesesultingfrom biaseddatasamplesthesetwasthor-
oughlyreducedor redundang. As aconsequenceheresults
below representowerlimits to theperformanceo beexpected
on realworld data,which is heavily redundant.The datase-
lectionprotocolleft 3312sequencefsee(Pedersed. Nielsen,
1997)). Fromthe work of otherinvestigatorse.g. (Burge &
Karlin, 1997),we expecttypical featuresof TIS to differ for
differentbranchesn the evolutionarytree. This implies that
the trainedclassificatowill only be valid for mammalsand
that retraining on other sequencesetswill be necessaryor
differentgroupsof species.

Fromthe describedsetof sequenceRedersemndNielsen
constructthe dataset for TIS recognitionin the following
way (personatommunication)For eachpotentialstartcodon
(thenucleotidesequenc&TG) ontheforwardstrandonedata
pointis generatedThis leadsto 13503datapoints,of which
3312 (24.5%)representrue TIS andthe rest (10191 points,
75.5%)represenpseudasites. We preferthis skewed distri-



bution to a balancedlataset,asit is a (crude)approximation
to the situationthatis expectedor real ESTs.Eachdatapoint

is representethy a sequencavindow of 200 nucleotidescen-
teredaroundthe respectre ATG triplet. For triplets nearthe
bordersof the availablesequencethe positionsmissingfrom

the 200 nucleotidewindow arefilled with N, the symbolfor

unknawn. PedersemndNielsendivide the datainto six parts
of nearlyequalsize (~ 2200 pointseach)andequalfraction

of trueTIS. Eachpartis in turnresenedfor testingthe classi-
ficationlearnedrom the otherfive parts.

Engineeringthe kernel function for TIS recogni-
tion

We definethe input spaceby the samesparsebit-encoding
schemeas usedby Pederserand Nielsen (personalcommu-
nication): eachnucleotideis encodedy five bits, exactly one
of whichis set. Thepositionof thesetbit indicatesvhetherthe
nucleotidas A, C,Gor T, orN (for unknown). Thisleadsto an
input spaceof dimensionn = 1000. Experimentsvith more
compactrepresentationftwo-digit encodingof the four nu-
cleotideswith anappropriaténtermediatestatefor unknaown,
datanot shavn) indicate that the sparseencodingperforms
best.
Letx andy ben-dimensionalectors representingwo in-

puts. Thesimplepolynomialfunction

k(x,y) = (x,y)*

is avalid kernelthatinduces% monomialfeaturesof

degreed. Preciselythereis onefeature®,, (x) of theform

n
e T
1, m;! i
=1 T i=1
n

foreverym € N*, 3"  'm; = d. Thisis provedby shaw-
ing that(&(x), (y)) = (L1, xiv:)* = (x,3)? = k(x,y)
(Schblkopf, 1997). Note that, usingthe sparseencodingde-
scribedabove, the dot product(x,y) simply countsthe num-
ber of nucleotideghat coincidein the two sequencesepre-
sentedby x andy.

For this kernel, settingthe degreed to oneleadsto a lin-
earseparationn input spacesincethen® becomesheiden-
tity function and the featurespaceis identical to the input
space.Thus,the featurescorrespondo positionalnucleotide
incidences,andthe SVM learnspositional preferences.By
settingthe degreed to two, we canlet the featurespacere-
flect all pairwise correlationsof the nucleotidefrequencies
at ary two sequencepositions. Mathematically for an in-
putvectorx = (z1,...,zn), all featuresof the kind z;z;,
1 < i,j < n, arerepresentedA degreeof threecorresponds
to all correlationsof (possiblyscattered}riplets, and so on.
In orderto determinea goodvaluefor the degreed, we train
with differentvaluesof d, usingonly partof thetrainingdata,
andvalidateperformancen theresenedtrainingdata(cross-
validation). We investigatepolynomialsof first to fifth degree
(d =1,...,5). With this simplepolynomialkernelfunction
we alreadyachieve resultscompetitive to thoseof the NN de-
visedby PedersemandNielsen(seeTablel).

du(x) =

Table | also shaws that the SVM provides a discrimina-
tion power superiorto that of the generatre modelof condi-
tional positionalprobabilitiesfor nucleotidesassuggestedy
Salzbeg (Salzbeg, 1997).Accordingto thismodel, TIS score
is computedfrom log ratios of empirically estimatedoroba-
bilities. Somerare events(positionaldi-nucleotidesmay be
obseredin thetestdatabut notin thetrainingset.In orderto
avoid infinite scoresarisingfrom the resultingzero probabil-
ities, pseudacountsareintroduced. The obsened frequeny
of eachdinucleotideat eachpositionis increasedy 0.5 be-
fore it is usedfor the estimationof the correspondingondi-
tional probabilities. For the purposeof comparisonwe run
the methodof Salzbeg on the sameinput dataas the other
methodsj.e. 200 nucleotidedrom afive letteralphabet.The
methodworks surprisinglywell andis competitve to the NN.

Althoughthe SVM with the polynomialkernelalreadyper
formsbetterthanbothestablishednethodstheresultscanstill
be improved by modifying the kernelfunction. We designan
improved kernelfunction by incorporatingthe basicbiologi-
cal hypothesighat,while certainlocal correlationsaretypical
for TIS, dependenciebetweendistantpositionsare of minor
importanceor do not evenexist. We wantthe featurespaceo
reflectthis. Thus,we modify the kernelutilizing a technique
thatis describedn (Sctblkopfetal., 1998): At eachsequence
position,we comparahetwo sequencelcally, within asmall
window of length2] + 1 aroundthatposition. Again,we count
matchingnucleotidesthis time multiplied with weightsw in-
creasingrom theboundarieso thecenterof thewindow. The
resultingweightedcountsaretakento the dt* power. d, re-
flectsthe orderof local correlationgwithin the window) that
we expectto be of importance.

dy

win,(x,y) =

Here, match,y;(x,y) is 1 for matchingnucleotidesat posi-
tion p+ j and0 otherwise . Thewindow scoresomputedvith
win, aresummedbverthewholelengthof thesequenceCor
relationsbetweerup to d, windows aretakeninto accounty
raisingtheresultingsumto the power of d,.

1 d2
k(x,y) = (Z win,, (x, y))

We call this kernellocality-improved. Similar to the poly-
nomial kernel,eachwindow scoreis a kernelthatinducesa
setof monomialfeaturesof degreed;. The monomialsare
weightedin orderto strengtherthe representationf correla-
tions of sequencgositionsthatarecloseto eachother Only
correlationsof positionswithin the window size are repre-
sentedby the window scores. The secondlevel polynomial
inducesmonomialfeaturesof degreed; d, thatcombineary
d» intra-windov monomials. Thus, distantcorrelationsare
takeninto accounty valuesds > 1. Intuitively, it is clearthat
this functionis avalid kernelfunction, sinceit correspond$o
the applicationof a weightedpolynomialmapwith degreeds
to anintermediatespacethatis definedasfeaturespaceof a
weightedpolynomialmapwith degreed; on theinput space.



algorithm parameter | overall | specificity | sensitvity | Mathews mutual
setting error correlation | information
neuralnetwork 15.4% 64.5% 82.4% 62.7% 0.192
Salzbeg method 13.8% 73.7% 68.1% 61.9% 0.250
SVM, simplepolynomial d=1 13.2% 75.7% 69.2% 63.9% 0.267
SVM, locality-improvedkernel | dy=4]=4 | 11.9% 79.3% 70.0% 66.9% 0.292
SVM, codon-impraedkernel d1=2]=3 12.2% 78.7% 69.0% 65.9% 0.283
SVM, Salzbeg kernel d1=3]=1 | 11.4% 76.0% 78.4% 69.6% 0.326

Table I. Comparisorof classificatiorerrors(measurean the testsets)achievedwith differentlearningalgorithms.All results
areaverageoverthe six datapartitions(seemaintext). SVMs aretrainedon 8000datapointswith combination®f parameters
asdescribedn thetext. An optimalsetof parameterss selectedaccordingto the overall error on the remainingtraining data
(~ 3300 points); only theseare presented.Note that the windows consistof 2/ + 1 nucleotides. The NN resultsarethose
achieved by Pederserand Nielsen((Pederser& Nielsen,1997), personalcommunication). There,modelselectionseemso
have involved testdata,which might leadto slightly over-optimistic performanceestimates.Positionalconditionalpreference
scoresarecalculatedanalogouslyto Salzbeg (Salzbeg, 1997),but extendedto the sameamountof input dataalsosuppliedto
the othermethods.Notethatall performanceneasureshavn dependon the valueof the classificatiorfunctionthreshold.For
SVMs, the thresholdsare by-productsof the training processfor the Salzbeg method, natural’ thresholdsare derived from
prior probabilitiesby BayesiarreasoningOverall errordenotegheratio of falsepredictiongo total predictions.The sensitvity
versusspecificitytrade-of canbe controlledby varyingthethreshold(seeFigure2). The Mathews correlationcoeficientis the
(Pearsonyorrelationcoeficient of true and predictediabelsin anarbitrarynumericalrepresentationThe mutualinformation
betweentrue and predictedabelsis givenin bits andwould be 0.804for a perfectprediction. Note alsothatall performance
measurebut sensitvity aresensitve to therelative numbersof TIS to pseudasitesin the dataset(here,~1:3).

Formally, it canbe provedthatlinearcombination®f kernels
with positive coeficientsand positive powers of kernelsare
valid kernels(Sctblkopfetal., 1999;Schblkopf, 1997).

Thiskernelfunctionposeghe problemof how to setanum-
ber of parametergin additionto the generalparameterfor
SVM capacitycontrol describedabore). We systematically
investigatednly the cased, = 1, sincesometestrunswith
d, > 1 yieldedinferior performancegdatanot shavn). This
is consistentvith our intuition thatlong distancecorrelations
are of minor importance. For eachof the remainingparam-
eters,we selecta small numberof valuesin an appropriate
range. SVMs aretrainedwith all combinationf theseval-
ues, while excluding a part of the training set as validation
set. This validationpartis thenusedto measurehe perfor
manceof the trained SVM andto selectthe corresponding
parameters. We investigatewindow sizes(2!/ + 1) ranging
from oneto eleven, taking into accountsomepossiblyrele-
vantbiological numbers Biological featureghatwe consider
importantinclude oligo-nucleotidecomposition,interactions
betweenneighboringamino acids and the assumechumber
of nucleotideghatthe ribosomecanhave contactwith at the
sametime. For the caseof [ = 0 this kernelreducesto a
simplepolynomialkernel. We always obtainsuperiorresults
for largervalues(l > 0), indicatingthatlocal correlationsare
indeedof specialimportance For the degreeof local correla-
tions (d;), we considervaluesup to five. In Tablell the TIS
recognitionperformancef this type of kernelis comparedo
thatof thepolynomialkernelfor differentlysizedtrainingsets.

Tablell shavsthatthe optimal parameterizationf the ker-
nel depend®nthetrainingsetsize. Thetablealsoshows that
the performanceémprovementsover the polynomialincrease
for largertraining sets. This suggestshat carefully designed
kernel functionsare useful even in presenceof a wealth of
trainingdata.

In anattemptto furtherimprove performancewve try to in-
corporateanotherbiological hypothesisnto the kernel, this
time concerningthe codon-structuref coding sequence.A
codonis a triplet of adjacentnucleotidesthat codesfor one
amino acid. By definition the difference betweena true
TIS and a pseudosite is that downstreamof a TIS thereis
CDS (which shawvs codon structure),while upstreamthere
is not. CDS andnon-codingsequencehown statisticallydif-
ferentcompositions. It is likely that the SVM exploits this
differencefor classification. We could hopeto improve the
kernel by reflectingthe fact that CDS shifted by three nu-
cleotidesstill looks like CDS. Therefore,we further mod-
ify the locality-improved kernel function to accountfor this
translation-iwariance. In additionto countingmatchingnu-
cleotideson correspondingpositions,we also countmatches
thatareshiftedby threepositions.We call theresultingkernel
codon-improed. Exceptfor the modifiedmatchingfunction,
it is given by the sameexpressionsasthe locality-improved
kernel. Again, this function canbe shovn to be a valid kernel
by explicitly deriving the monomialfeatures.

Tablesl andll suggesthatthis modificationactuallyseems
to decreasperformanceThisis disappointingsinceasimilar
modificationto the simple polynomialkernelleadsto anin-
creaseof recognitionaccurag (datanot shavn), which, how-
ever, is smallerthantheincreaseby thelocality-improvement.
We couldimaginethatthe processof learningsomerelevant
features(e.g. strongpositionalpreferencesearto the start
codon)is distortedby the modification. On the otherhand,
the otherkernelsare alreadycapableof learningtranslation-
invarianceif they are given enoughtraining dataandif this
provesadwantageou$or the classification.

Anotherdirectionfor modificationof the kernelfunctionis
suggestetdy thegoodperformancef themethodof Salzbeg.
In orderto integratehis ideainto a kernelfunction,we do not



400data points 1000data points 4000data points
SVM kernelfunction | params error Mcc params error MCC | params error MCC
simplepolynomial d=2 18.1% 46.0% d=2 16.0% 54.3% d=1 13.6% 62.3%
locality-improved di1=3]=2 18.0% 48.1%| d1=4]=3 15.9% 53.9% | d;=3/=3 12.6% 64.6%
codon-impreed di=1]=2 18.4% 45.7% | d1=1]=2 15.6% 55.5% | d1=1]=2 13.6% 62.2%
Salzbeg kernel di=1]=1 14.7% 57.1%| d1=1]=1 13.6% 61.2%| d;=3]=1 11.7% 68.8%

Tablell. Performancef kernelfunctions(measureanthetestsets)computedasdescribedn Tablel, buttrainedon differently
sizedsubsetf the training dataset. The columnsshaow the optimal parametesettings(params) determinedasdescribedn
Tablel, togethemith the correspondingverall classificatiorerror (error)andMathews correlationcoeficient (Mcc).

calculatethe productof the conditionalprobabilitiesover the
whole sequencehut insteadcalculatethe log oddsof the con-
ditional probabilitiesfor eachpositionseparately:

P(x, atpos.pin TISx,_; atpos.p — 1in TIS)

=1 - ;
sp(x) = log P(x, atpos.p in ANYx, ; atpos.p — 1 in ANY)

Here, P denotesstimatecprobabilitiesderivedfrom training
setcountsplus pseudocounts,x,, is the nucleotideincident
at positionp in the sequenceorrespondingo datapoint x,
T1S isthesetof trainingsequencesenteredaroundT|S, and
ANY isthesetof all trainingsequenceghothcenteredround
TIS or pseudasites). This way, we definea new input space.
Eachdatapointis representetly a sequencef log oddscores
sp(x) relating,individually for eachposition,two probabili-
ties: first, how likely the obsened nucleotideat that position
derivesfrom atrueTIS andsecondhow lik ely thatnucleotide
occursat the given positionrelative to any ATG triplet. We
thenproceedanalogousliyto the locality-improvedkernel, re-
placingthe sparsebit representatioby the sequencef these
scoresAs expectedthisleadsto afurtherincreasen classifi-
cationperformance Theresultsareshovn in Figurel. How-
ever, a similar gain could be expectedfor the neuralnetwork
if it wastrainedonthelog oddscoresasinputvalues.

In conclusion,all threeengineerekernelfunctionsclearly
outperformthe NN asdevisedby PederseandNielsenby re-
ducingthe overallnumberof misclassificationdy about25%
(seeTablel). The SVM also beatsthe performanceof posi-
tional conditionalprobabilities which work surprisinglywell
whenappliedto larger windows thansuggestedby Salzbeg.
The SVM resultsshav more false positives and fewer false
negatives than the NN, correspondingo a higher level of
specificity However, the sensitvity versusspecificitytrade-
off canbe controlledby settingthethresholdvalueof theclas-
sification function (seeFigure 2). From this point of view,
again,theSVMsdo best.

In orderto allow for this performanceomparisonall calcu-
lationsreportedabove arebasedn the samerepresentatioof
inputspacdencodingafiveletteralphabetpswasusedor the
neuralnetwork. We repeatedsomeof the experimentsusing
a morenaturalrepresentatiothat distinguishedetweerfour
lettersonly, eachrepresenting real nucleotide. Unknowns
aretranslatednto a probability distribution over the four nu-
cleotideswhichis determinedrom the sequencedJsingthis
representatiorthe methodof Salzbeg performsconsiderably
worsethan before: the overall error rateincreasego 21.2%
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Fig. 2. Specificityversussensitvity trade-of for the method
of Salzbeg (grayline) andfor the SVM with Salzbeg kernel
(blackline) onthetestdatafor thefirst datapartitions.Speci-
ficity is the rate of correctlypredictedTIS (true positives)to
all predictedT|S; sensitvity is therateof correctlypredicted
TIStoall trueTIS. The SVM clearlyimprovessensitvity for a
wide rangeof reasonablealuesof specificity (60-97%). The
performancef theneuralnetwork by PederseandNielsenis
markedby ablackplussymbol(+).

(correspondingo specificity71.6%,sensitvity 22.7%,Math-
ews correlation31.8%, mutualinformation0.061). This sug-
geststhat the introductionof unknonnsis asymmetricafor
TIS andpseudasites,andthatthe methodutilizesthis biasfor
the classification.However, the SVM usingthe Salzbeg ker-
nel performsalmostaswell onthefour letterrepresentatioas
before:the overallerroris 11.7%(Sp 76.6%,Sn 75.4%,Mcc
68.3,MI 0.311). This shaws thatthe algorithmdoeswell on
datathatis relevantfor realworld application.

From an applicationpoint of view, performancemeasures
maybe considerednorerelevanton a persequencéasisthan
perATG, asinvestigatedsofar. Thus,we re-evaluatethe most
successfulmethod,the SVM with the Salzbeg kernel,in a
mannethatis appropriatdor completenRNA sequencedor
eachof the original 3312 sequencescf. descriptionof data
sets),we predictexactly oneTIS. The TIS is predictedto be
the highestscoringATGtriplet within the sequencéforeward
strandonly), regardles®f theabsolutescorevalue.Sinceeach
sequenceontainsone TIS, we have no true negatives. This



method number of correct false missed
predictions | predictions | predictions | TIS
Salzbeg method 3312 2217 1095 1095
SVM, Salzbeg kernel 3312 2782 530 530
ESTScan, left ATG 2350 208 2142 3104
ESTScan, right ATG 2350 1614 736 1698
ESTScan, closestATG 2350 1621 729 1691

Table lll. Evaluationof the SVM with the bestkernelfunctionon a persequencdasison the original setof 3312sequences.
The sequencearesuppliedin the naturalfour-letterrepresentatioasdescribedn the maintext. For comparisorpurposesye
alsoshawv the correspondingesultsfor the original Salzbeg method.In both casesfor eachsequencéhe highestscoringATG
codonis predictedto bethe TIS. We alsoapply ESTScan (with default parametersfo all 3312sequences-or eachpredicted
CDS, an ATG triplet nearthe supposedtartpoint of the CDS is selectedas predictedT|S. The evaluationis shavn for three

differentselectiorstratgyies,asindicatedin theleftmostcolumn.

rendersusualperformancemeasuregincluding Sn, Sp, Mcc
andMl), asusedabore, inappropriate.Instead we supplyin
Tablelll theraw countsof correctandfalsepredictions.The
figuresanupperboundfor theperformancenourtargetappli-
cationarea,ESTs.In ESTs,in contrastto completemRNASs,
the TIS maynot be covered.Thus,the problemof TIS recog-
nition becomesnoredifficult, sincewe only know thatthere
is at mostoneTIS containedn the sequenceTherefore this
investigatiorcannotreplaceathoroughevaluationonabench-
markthatis designedor this purposeandincludesESTsthat
donotcontaina TIS. We intendto developsuchabenchmark.

In orderto get a first impressionhow much a program
like ESTScan couldprofit from anadwancedT IS recognition
module ,we appliedit to the samesetof 3312mRNA-lik e se-
quences ESTScan aimsat identifying CDS within ESTsas
accuratelyaspossible.In a slight misuseof the program,we
investigatéhow confidentlyit predictghecorrectTIS (thestart
positionof the CDS) for eachsequenceTheresultsarealso
shavnin Tablelll. Onaveragethe ESTScan misseghetrue
TIS positionby 41.6 nucleotides Both this figure andthe ta-
bleindicatethatESTScan couldprofitfromaTIS recognition
module.For genomicsequenceandprogramdik e GENSCAN,
asimilar situationcanbe expected.

Discussion

TIS recognitioncan be usedto improve reliability and ac-
curag/ of aminoacid predictionsfrom nucleotidesequences.
Two majorfields of applicationaredistinguishedy their dif-
ferent datatypes: ESTsand genomicsequences.The data
setusedin this paperconsistsof computationallysplicedse-
quenceshatresemblenRNA andthusis moretunedtowards
ESTdatawhichis ourtargetareaof application.In orderto fit
our methodmorecloselyto this datatype andre-evaluatethe
performancewe are currently building a morerealistic data
setfromrealESTs.SinceESTscoveronly afragmentof areal
MRNA, we cannotesurethateachESTcontain&a TIS. Thus,
we cannotsimply predictthehighestscoringATGof eachEST
to beaTIS, but we alsoneedsomeglobal scorethresholdoe-
low which no TIS is predictedfor an EST. This is modeled
by theall TIS versusall pseudacsite discriminationwhile the
(possiblyeasier)task of permRNA discriminationwould be

sufficient for completemRNAs. The fragmentarynatureof
ESTsalsoprohibitsthe utilization of someadditionalfeatures
for theclassificationincludingthetotal lengthof thecomplete
CDSandthenumberof preceedingtartcodons.

However, cautionis necessaryf we useour methodwithin
arigorousprobabilisticframenork lik e thoseof GENSCAN or
ESTScan. In somesensethe SVM (aswell asPederseand
Nielsens NN) exploits the differencef the oligo-nucleotide
compositiondn CDS andnon-codingsequenceThesecom-
positionalpreferencesre alreadyincorporatedn GENSCAN
andESTScan, leadingto probability distribution dependen-
ciesthat mustbe takeninto account.In orderto avoid these
dependencied, is easiesto restrictthesequencaindow pre-
sentedto the SVM to the ribosomebinding site. In addition,
it is desirablehatthe T1S recognitionmethodcomputegprob-
ability valuesfor potentialTIS to be true TIS. Meanwhile, it
shouldbe usefulto heuristicallycombineour TIS recognition
with GENSCAN or ESTScan output. We planto devote more
work to theseissues.

We believe that the kind of kernel functionspresentedn
this paperwill prove useful for other bioinformaticsprob-
lems.Therearefartoo mary interestingclassificatiortasksin
moleculabiologythancanbecoveredhere sowerestrictour-
selhesto threeproblems. Most obviously, our techniquecan
easilybeappliedto therecognitionof otherfixedlengthDNA
signals.Thesdncludebindingsitesof regulatoryproteinsthat
areimportantelementf promotersenhancerandsilencers.
Secondwe canimaginethat the excellentprotein classifica-
tion performanceof the Fisherkernel methoddevelopedby
Jaaklola andHausslerJaaklola et al., 1999)canstill beim-
provedby consideringocal aminoacidcorrelationsn aman-
nersimilar to our locality-improvedkernelor to the Salzbeg
kernel. Third, we believe that SVMswill prove successfulor
exploiting the information gatheredwith DNA chips. Here,
kernelfunctionscould be engineeredhatreflectthe structure
of expressiordataascollectionof unrelatedime series.These
arefieldsof interestingfuturework.

In summarywe have comparedhe performancef impor-
tant methodsfor sequencelassificationon a bio-molecular
problemof practicalrelevance.We shav that SVMs arecom-
petitive to other, morefrequentlyusedmachindearningmeth-
odsandshawv a simpleway to includeprior knowledgeto im-
prove performance.We provide evidencethat our advanced



TIS recognitioncanbe of usefor otherexisting programs.
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