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Abstract

Moti vation: In orderto extractproteinsequencesfrom nu-
cleotidesequences,it is animportantstepto recognizepoints
at which regionsstartthatcodefor proteins.Thesepointsare
calledtranslationinitiation sites(TIS).
Results: The taskof finding TIS canbemodeledasa clas-
sificationproblem. We demonstratethe applicability of sup-
port vectormachines(SVMs) for this task,andshow how to
incorporateprior biologicalknowledgeby engineeringanap-
propriatekernelfunction. With the describedtechniquesthe
recognitionperformancecanbe improvedby 26%over lead-
ing existing approaches.We provide evidencethat existing
relatedmethods(e.g. ESTScan) couldprofit from advanced
TIS recognition.
Contact: Alexander.Zien@gmd.de,
Gunnar.Raetsch@first.gmd.de.

Intr oduction

Living systemsaredeterminedby the proteinsthat they pro-
ducebasedon their genomes.But only partsof thegenomic
text in fact codefor proteins. Thesepartsarecalledcoding
sequence(CDS).Therefore,givena pieceof DNA or mRNA
sequence,it is a centralproblemin computationalbiology to
determinewhetherit containsCDS,and,if so,for which pro-
tein it codes.

In principle, both CDS and the encodedprotein can be
characterizedusing alignmentmethods. Programscapable
of aligningnucleotidesequencesto proteindatabasesinclude
FASTX/FASTY (Pearsonet al., 1997),SearchWise (Bir-
ney et al., 1996)andBLASTX (Gish & States,1993). How-
ever, this approachis hamperedby two severe problems:
First, there are several sourcesof noise making the task
more difficult and error-pronethan pure protein alignment:
(i) The correctstrandand readingframe have to be found.
(ii) Additional falsehits mayresultfrom misinterpretingnon-
codingsequenceasCDS.(iii) Sequencingerrorsmaydisrupt
thecorrectreadingframe.Thisisaparticularlystrongproblem
for low qualitysequenceslike thepopularexpressedsequence
tags(ESTs).Second,approachesbasedon alignmentrely on

homologousproteinsbeingknown. Thusthey cannotbeused
to find novel genes.Hence,a methodto identify CDS in nu-
cleotidesequencesis desirable,both in orderto easethe task
for alignment-basedapproachesandto find new genes.

Sinceliving cellsareableto distinguishbetweenCDSand
othernucleotidesequencepartswithout utilizing any homol-
ogyinformation,thisshouldalsobepossiblefor computerpro-
grams,in principle. In fact, therearealgorithmsthat identify
CDS merelyrelying on propertiesintrinsic to nucleotidese-
quences. The most successfulprogramsincludeGENSCAN
(Burge & Karlin, 1997) for genomicDNA and ESTScan
(Iseli et al., 1999)for ESTs. ESTsaresingle-readpartialse-
quencesderivedfrom mRNA thatareparticularlyerror-prone.
ESTScan implementsafifth-orderhiddenMarkov modelthat
simultaneouslyrecognizesCDS by typical oligo-nucleotide
frequenciesandcorrectssequencingerrors.It doesnot incor-
poratea modelof translationinitiation site (TIS) sequences,
althoughthey markthebeginningof CDS.GENSCAN employs
generalizedhiddenMarkov modelsto capturethestructureof
anentiregenome.It incorporatesprobabilisticmodelsof DNA
signalsequencesincludingTIS, stopcodonsandsplicesites,
aswell ascompositionalfeaturesandlengthdistributionsof
differentgenomicregions. Despiteits overall sophistication,
GENSCAN usesa relatively crudeTIS model: a pieceof se-
quenceis assigneda probabilityfor beinga TIS, basedon the
positional relative frequenciesof individual nucleotidesob-
servedarounda trueTIS.

There is a number of more elaboratemodels for TIS.
Salzberg extends the positional probabilities (as used by
GENSCAN) to first-orderMarkovian dependencies(Salzberg,
1997). This is essentiallya properprobabilisticmodelof po-
sitional di-nucleotides,and leadsto a significantincreasein
recognitionperformance.Therealsoaremethodsto explicitly
capturecorrelationsbetweennon-adjacentpositionsnearTIS
or othersignals(Agarwal& Bafna,1998b),possiblyproviding
insightinto themechanismsof translationinitiation. However,
sincefew suchcorrelationscanbeprovedto besignificantin
TIS sequences,they afford little gainfor TIS recognition.

All modelsdiscussedso far can be called generative, as
they canbeusedto generatepotentialTIS sequenceswith ap-
proximatelythe true probability distribution. Applying such
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models,� a sequenceis considereda TIS if theprobabilitywith
which the sequenceis generatedby the modelexceedssome
threshold. The moreclosely the true distribution is approx-
imated, the better this approachworks. By using so-called
discriminative methods,often a superiordistinction can be
achievedbetweentrueTIS andsimilarly lookingpiecesof se-
quence(calledpseudosites). Thesemethodsaim at learning
to discriminatecertainobjectsfrom others,without explicitly
consideringprobabilitydistributions.

For example,the programATGpr (Salamov et al., 1998)
usesa lineardiscriminantfunction thatcombinesseveralsta-
tistical measuresderived from the sequence.Eachof those
featuresis designedto discriminatebetweentrueandpseudo-
TIS. Learningallows to find a (linear)weightedcombination
of featuresthatachievesa high level of discriminationon the
trainingsetaswell ason thetestset.

A radically different approachto learning a discriminat-
ing function is taken by Pedersenand Nielsen(Pedersen&
Nielsen,1997). They train an artificial neuralnetwork (NN)
to predictTIS from a fixed-lengthsequencewindow arounda
potentialstartcodon(ATG). Theinputof theNN consistsof a
binaryencodingof thesequence;no higher-level featuresare
supplied. The intriguing idea is that the 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, andthusotherstartcodonsfurtherdown-
streamareinactive (pseudosites).However, it is now known
thatnucleotidesadjacentto thestartcodonarealsorelevantfor
translationinitiation, e.g.(Kozak,1997).Thescanningmodel
canbecombinedwith any TIS recognitionmethod,andis con-
firmedby theresultingimprovementsof recognition(Agarwal
& Bafna,1998a). The modelis orthogonalto TIS signalse-
quencerecognitionitself andis limited to completemRNA se-
quences,which prohibitsapplicationto ESTs. Therefore,we
will not considerit in thefollowing.

In this paper, we show that we canoutperformestablished
methodsfor TIS recognitionby applyingsupportvectorma-
chines(SVMs) (Boseretal., 1992;Vapnik,1995).Like NNs,
SVMs area discriminativesupervisedmachinelearningtech-
nology, i.e. they needtrainingwith labeledempiricaldatain
orderto learntheclassification.For the taskof TIS recogni-
tion, we show thatSVMs canbesuperiorto NNs. To achieve
this performancegainwe usea particularlyvaluableproperty
of SVMs: theability to adaptthemto theproblemat handby
includingprior knowledgeinto the so-calledkernelfunction.
Here,we demonstratehow to incorporatebasicknowledgeof
the translationprocess. The paperis structuredas follows:
we first give a brief descriptionof the SVM technique,then
presentexperimentsandfinally discussresultsandpotential
applications.

Systemand methods

Support Vector Machines

Formally, SVMs, like any otherclassificationmethod,aim at
estimatinga classificationfunction 	�

����������� usingla-
belledtrainingdatafrom ����������� suchthat 	 will correctly
classifyunseenexamples(testdata).In our case,� will con-
tain simple representationsof sequencewindows, while ���
correspondsto trueTIS andpseudosites,respectively.

In order to be successful,two conditionshave to be re-
spected.First, the training datamustbe an unbiasedsample
from the samesourceasthe testdata. Technicallyspeaking,
trainingandtestdatahaveto obey thesameunderlyingproba-
bility distribution. Thisconcernstheexperimentalsetup.Sec-
ond,ameasureof thesizeof theclassof functionsfrom which
we chooseour estimate	 , theso-calledcapacityof the learn-
ing machine,hasto besensiblyrestricted.If thecapacityis too
small, complex discriminantfunctionscannotbe sufficiently
well approximatedby any selectablefunction 	 – thelearning
machineis too simpleto learnwell. On the otherhand,too
largea capacitybearsthe risk of losing the ability to learna
functionthatgeneralizeswell to unseendata.Thereasonlies
in the existenceof infinitely many functionsthat areconsis-
tentwith the trainingexamples,but disagreeon unseen(test)
examples.Thosefunctionswouldperfectlymemorizethepar-
ticular examplesusedfor training, but could not generalize.
Pickingsucha functionis calledoverfitting.

In neural network training, overfitting is avoided by
early stopping,regularizationor asymptoticmodelselection
(Bishop,1995;Orr & Müller, 1998). In contrast,thecapacity
of SVMs is limited accordingto thestatisticaltheoryof learn-
ing fromsmallsamples(Vapnik,1995).For learningmachines
implementinglinear decisionfunctions,oneway of limiting
thecapacityis to enforcea largemargin of separationbetween
the classes.The margin is the minimal distanceof training
pointsto the separationsurface. Finding the maximummar-
gin separationcanbe castinto a convex quadraticprogram-
ming (QP)problem(Boseretal., 1992).Thetimecomplexity
of solvingsucha QPscalesapproximatelybetweenquadratic
andcubic in the numberof training patterns(see(Scḧolkopf
etal., 1999)).

In order to maximizethe generalizationpower, often it is
profitableto misclassifysomeoutlying trainingdatapointsin
orderto enlargethemargin betweentheothertrainingpoints.
This is theoretically founded by statistical learning theory
(Vapnik,1995). This ’neglectful’ learningstrategy alsomas-
tersinseparabledata(Cortes& Vapnik,1995;Scḧolkopfetal.,
2000),which frequentlyoccurin real-world applications.See
Figure 1 (a) for an example. The trade-off betweenmargin
sizeandnumberof misclassifiedtrainingpointsis controlled
by a parameterof the SVM, which canthereforebe usedto
control its capacity. This extensionstill permitsoptimization
via QP(Cortes& Vapnik,1995).

It is temptingto think that linear functionscanbe insuffi-
cient to solve complex classificationtasks. A little thought
revealsthat, in fact, this dependson therepresentationof the
datapoints. Frequently, naturaldefinitionsof input spaceare
usedthat tend to minimize dimensionalityand avoid redun-
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Fig. 1. Threedifferentviews on the samedot versuscrossseparationproblem. The datapointsclosestto the separationline
arecalledsupportvectors. (a) In this example,a linearseparationof the input pointsis not possiblewithout errors. Even the
misclassificationof onedatapoint permitsonly a smallmargin. Theresultinglinearclassificationfunction looks inappropriate
for thedata.(b) A betterseparationis permittedby nonlinearsurfacesin inputspace.(c) Thesenonlinearsurfacescorrespondto
linearsurfacesin featurespace.Datapointsaremappedfrom input spaceto featurespaceby thefunction � that is implied by
thekernelfunction � (seemaintext).

dancy. Then,linearitymayeasilybetoo restrictive. However,
we arefree to define(possiblyredundant)featuresthat non-
linearly derive from any numberof input spacedimensions.
Even for complex problems,well chosenfeaturescould ide-
ally berelatedto therespectiveclassificationby rathersimple
means,e.g.by a linearfunction(cf. Figure1).

Any linear learningmachinecanbe extendedto functions
thatarenonlinearin input space� by explicitly transforming
the datainto a featurespace� using a nonlinearmap ��
��� � (seeFigure 1). SVMs can do so implicitly, since
all informationthat we needto supply to the SVM for both
training andclassificationareinner productsof pairsof data
points �"!$#&%('(�"!*)+% in featurespace� . Thus,we only needto
supplya so-calledkernel function that computestheseinner
products.Thiskernelfunction � implicitly definesthefeature
spacevia �,!*-.'0/1%32546�"!$-7%('8�"!$/1%:9<;
Not every function �=
>�?�@����A is a valid kernelfunction.
The map � andthe correspondingfeaturespaceareguaran-
teedto exist for functionsthatsatisfyMercer’scondition(see,
e.g.,(Boseret al., 1992)). Usingkernelfunctionsto compute
the dot products,we can computationallyafford very large
(e.g. �CB>D�E -dimensional)featurespaces.SVMs canstill avoid
overfittingthanksto themargin maximizationmechanism.Si-
multaneously, they canlearnwhich of thefeaturesimpliedby� aredistinctive for the two classes.Thus,insteadof having
to designwell-suitedfeaturesby ourselves(which canoften
bedifficult), we canusetheSVM to selectthemfrom a suffi-
ciently rich featurespace.Of course,it will behelpful if the
kernelsuppliesasetof featuresrelatedto thecorrectclassifica-
tion. In thefollowing sections,wewill show how to boostthe
processof learningby choosingappropriatekernelfunctions.

Data sets

Little experience exists in the application of SVMs to
biomolecularproblems(weonly know of work on remoteho-

mologydetection(Jaakkola et al., 1999)andon geneexpres-
sion analysis(Brown et al., 2000)). Therefore,we compare
theperformanceof our SVMs to thatof themostpopularal-
ternativegeneralpurposemachinelearningtechnology, neural
networks(NNs), trainedby NN expertson thesameproblem
domain.In orderto do so,we usetheNN resultsandthever-
tebrateTIS setprovidedby PedersenandNielsen(Pedersen&
Nielsen,1997)asdescribedbelow. We take careto only re-
placethe learningmachinerywhile retainingthe setting: the
definitionof trainingandtestdatasetsaswell asthedefinition
of input space.We alsocompareour SVM resultsto theper-
formanceof anothersuccessfulTIS recognitionmethod,the
positionalconditionalprobabilitymethod(Salzberg,1997).

Theoriginal sequencesetof PedersenandNielsenhasbeen
assembledfrom high quality nucleargenomicsequencesof a
selectedsetof vertebratestakenfrom GenBank(Bensonetal.,
1998).All intronswereremoved,in analogyto thesplicingof
mRNA sequences.Only high quality entrieswith at least10
nucleotidesupstreamand150 downstreamof thestartcodon
wereselected.In orderto avoid over-optimisticperformance
estimatesresultingfrom biaseddatasamples,thesetwasthor-
oughlyreducedfor redundancy. As aconsequence,theresults
below representlowerlimits to theperformancetobeexpected
on real world data,which is heavily redundant.Thedatase-
lectionprotocolleft 3312sequences(see(Pedersen& Nielsen,
1997)). From the work of otherinvestigators,e.g. (Burge&
Karlin, 1997),we expecttypical featuresof TIS to differ for
differentbranchesin the evolutionarytree. This implies that
the trainedclassificatorwill only be valid for mammals,and
that retrainingon other sequencesetswill be necessaryfor
differentgroupsof species.

Fromthedescribedsetof sequences,PedersenandNielsen
constructthe data set for TIS recognitionin the following
way(personalcommunication).For eachpotentialstartcodon
(thenucleotidesequenceATG) ontheforwardstrand,onedata
point is generated.This leadsto 13503datapoints,of which
3312(24.5%)representtrue TIS andthe rest (10191points,
75.5%)representpseudosites. We preferthis skewed distri-
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butionF to a balanceddataset,asit is a (crude)approximation
to thesituationthatis expectedfor realESTs.Eachdatapoint
is representedby a sequencewindow of 200nucleotidescen-
teredaroundthe respective ATG triplet. For triplets nearthe
bordersof theavailablesequence,thepositionsmissingfrom
the 200 nucleotidewindow arefilled with N, the symbol for
unknown. PedersenandNielsendivide thedatainto six parts
of nearlyequalsize( GIHJHKB�B pointseach)andequalfraction
of trueTIS. Eachpartis in turn reservedfor testingtheclassi-
ficationlearnedfrom theotherfiveparts.

Engineeringthe kernel function for TIS recogni-
tion

We definethe input spaceby the samesparsebit-encoding
schemeasusedby PedersenandNielsen(personalcommu-
nication):eachnucleotideis encodedby five bits,exactlyone
of whichis set.Thepositionof thesetbit indicateswhetherthe
nucleotideis A, C,Gor T, orN (for unknown). Thisleadstoan
input spaceof dimensionLM2N�OB�BJB . Experimentswith more
compactrepresentations(two-digit encodingof the four nu-
cleotideswith anappropriateintermediatestatefor unknown,
datanot shown) indicate that the sparseencodingperforms
best.

Let - and / be L -dimensionalvectors,representingtwo in-
puts.Thesimplepolynomialfunction�,!$-.':/1%P2 4$-.':/190Q
is a valid kernelthat induces RTSKU QOV D:WYXQ X RTS V D:WYX monomialfeaturesof
degreeZ . Precisely, thereis onefeature�\[]!$-7% of theform

�\[]!*-7%�2 ^ Z`_a SbTc D,d b _ SebTc D - ["fb
for every dPg�h S '(i SbTc D
d b 2IZ . This is provedby show-

ing that 4j�"!*-7%<'8�"!*/k%:9l2�!ji Sbmc D - b / b % Q 2n4$-.':/19 Q 2o�,!$-.':/1%(Scḧolkopf, 1997). Note that, usingthe sparseencodingde-
scribedabove, thedot product 4$-.':/19 simply countsthenum-
ber of nucleotidesthat coincidein the two sequencesrepre-
sentedby - and / .

For this kernel, settingthe degree Z to one leadsto a lin-
earseparationin input space,sincethen � becomestheiden-
tity function and the featurespaceis identical to the input
space.Thus,the featurescorrespondto positionalnucleotide
incidences,and the SVM learnspositionalpreferences.By
settingthe degree Z to two, we can let the featurespacere-
flect all pairwise correlationsof the nucleotidefrequencies
at any two sequencepositions. Mathematically, for an in-
put vector -p2�!*# D 'q;O;q;,'0# S % , all featuresof the kind # b #+r ,�tsvu8'jwxsvL , arerepresented.A degreeof threecorresponds
to all correlationsof (possiblyscattered)triplets, andso on.
In orderto determinea goodvaluefor thedegree Z , we train
with differentvaluesof Z , usingonly partof thetrainingdata,
andvalidateperformanceon thereservedtrainingdata(cross-
validation).We investigatepolynomialsof first to fifth degree
( Zy2N�J'q;q;O;,'{z ). With this simplepolynomialkernelfunction
we alreadyachieveresultscompetitive to thoseof theNN de-
visedby PedersenandNielsen(seeTableI).

Table I also shows that the SVM provides a discrimina-
tion power superiorto that of the generative modelof condi-
tional positionalprobabilitiesfor nucleotidesassuggestedby
Salzberg (Salzberg,1997).Accordingto thismodel,TIS score
is computedfrom log ratiosof empirically estimatedproba-
bilities. Somerareevents(positionaldi-nucleotides)may be
observedin thetestdatabut not in thetrainingset.In orderto
avoid infinite scoresarisingfrom the resultingzeroprobabil-
ities, pseudocountsareintroduced.The observed frequency
of eachdinucleotideat eachpositionis increasedby 0.5 be-
fore it is usedfor the estimationof the correspondingcondi-
tional probabilities. For the purposeof comparison,we run
the methodof Salzberg on the sameinput dataas the other
methods,i.e. 200nucleotidesfrom a five letteralphabet.The
methodworkssurprisinglywell andis competitiveto theNN.

AlthoughtheSVM with thepolynomialkernelalreadyper-
formsbetterthanbothestablishedmethods,theresultscanstill
be improvedby modifying thekernelfunction. We designan
improvedkernelfunction by incorporatingthe basicbiologi-
cal hypothesisthat,while certainlocalcorrelationsaretypical
for TIS, dependenciesbetweendistantpositionsareof minor
importanceor donot evenexist. We wantthefeaturespaceto
reflectthis. Thus,we modify thekernelutilizing a technique
thatis describedin (Scḧolkopf etal., 1998):At eachsequence
position,wecomparethetwo sequenceslocally, within asmall
window of length HK|O}�� aroundthatposition.Again,wecount
matchingnucleotides,this timemultipliedwith weights~ in-
creasingfrom theboundariesto thecenterof thewindow. The
resultingweightedcountsaretaken to the ZJ�Y�D power. Z D re-
flectstheorderof local correlations(within thewindow) that
weexpectto beof importance.

win��!*-.':/k%32��� U,��r c V � ~�r match� U rJ!$-.':/1%��� Q<�
Here,match� U rJ!*-.':/k% is � for matchingnucleotidesat posi-
tion ��}]w and B otherwise.Thewindow scorescomputedwith
win� aresummedoverthewholelengthof thesequence.Cor-
relationsbetweenup to ZJ� windowsaretakeninto accountby
raisingtheresultingsumto thepowerof ZJ� .

�,!$-.':/1%\2�� ��� c D win� !*-.':/k%�� Q8�
We call this kernel locality-improved. Similar to the poly-
nomial kernel,eachwindow scoreis a kernel that inducesa
set of monomialfeaturesof degree Z D . The monomialsare
weightedin orderto strengthentherepresentationof correla-
tionsof sequencepositionsthatarecloseto eachother. Only
correlationsof positionswithin the window size are repre-
sentedby the window scores. The secondlevel polynomial
inducesmonomialfeaturesof degree Z D Z � that combineanyZ � intra-window monomials. Thus, distantcorrelationsare
takeninto accountby valuesZ ��� � . Intuitively, it is clearthat
this functionis a valid kernelfunction,sinceit correspondsto
theapplicationof a weightedpolynomialmapwith degree Z>�
to an intermediatespacethat is definedasfeaturespaceof a
weightedpolynomialmapwith degree Z D on the input space.
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algorithm parameter overall specificity sensitivity Mathews mutual
setting error correlation information

neuralnetwork 15.4% 64.5% 82.4% 62.7% 0.192
Salzberg method 13.8% 73.7% 68.1% 61.9% 0.250
SVM, simplepolynomial Z =1 13.2% 75.7% 69.2% 63.9% 0.267
SVM, locality-improvedkernel Z D =4,| =4 11.9% 79.3% 70.0% 66.9% 0.292
SVM, codon-improvedkernel Z D =2,| =3 12.2% 78.7% 69.0% 65.9% 0.283
SVM, Salzberg kernel Z D =3,| =1 11.4% 76.0% 78.4% 69.6% 0.326

Table I. Comparisonof classificationerrors(measuredon thetestsets)achievedwith differentlearningalgorithms.All results
areaveragesover thesix datapartitions(seemaintext). SVMsaretrainedon8000datapointswith combinationsof parameters
asdescribedin the text. An optimalsetof parametersis selectedaccordingto theoverall erroron the remainingtrainingdata
( G��J��BJB points); only thesearepresented.Note that the windows consistof H�|1}o� nucleotides.The NN resultsare those
achieved by PedersenandNielsen((Pedersen& Nielsen,1997),personalcommunication).There,modelselectionseemsto
have involved testdata,which might leadto slightly over-optimisticperformanceestimates.Positionalconditionalpreference
scoresarecalculatedanalogouslyto Salzberg (Salzberg, 1997),but extendedto thesameamountof input dataalsosuppliedto
theothermethods.Notethatall performancemeasuresshown dependon thevalueof theclassificationfunctionthreshold.For
SVMs, the thresholdsareby-productsof the training process;for the Salzberg method,’natural’ thresholdsarederived from
prior probabilitiesby Bayesianreasoning.Overallerrordenotestheratioof falsepredictionsto totalpredictions.Thesensitivity
versusspecificitytrade-off canbecontrolledby varyingthethreshold(seeFigure2). TheMathewscorrelationcoefficient is the
(Pearson)correlationcoefficient of trueandpredictedlabelsin anarbitrarynumericalrepresentation.Themutualinformation
betweentrueandpredictedlabelsis given in bits andwould be0.804for a perfectprediction. Note alsothatall performance
measuresbut sensitivity aresensitive to therelativenumbersof TIS to pseudositesin thedataset(here,G 1:3).

Formally, it canbeprovedthatlinearcombinationsof kernels
with positive coefficientsandpositive powersof kernelsare
valid kernels(Scḧolkopf etal., 1999;Scḧolkopf, 1997).

Thiskernelfunctionposestheproblemof how to setanum-
ber of parameters(in addition to the generalparameterfor
SVM capacitycontrol describedabove). We systematically
investigatedonly the caseZ � 2�� , sincesometestrunswithZ ��� � yieldedinferior performance(datanot shown). This
is consistentwith our intuition that long distancecorrelations
areof minor importance.For eachof the remainingparam-
eters,we selecta small numberof valuesin an appropriate
range. SVMs aretrainedwith all combinationsof theseval-
ues,while excluding a part of the training set as validation
set. This validationpart is thenusedto measurethe perfor-
manceof the trainedSVM and to selectthe corresponding
parameters.We investigatewindow sizes( HK|�}n� ) ranging
from one to eleven, taking into accountsomepossiblyrele-
vantbiologicalnumbers.Biological featuresthatwe consider
importantincludeoligo-nucleotidecomposition,interactions
betweenneighboringamino acidsand the assumednumber
of nucleotidesthat theribosomecanhave contactwith at the
sametime. For the caseof |�2�B this kernel reducesto a
simplepolynomialkernel. We alwaysobtainsuperiorresults
for largervalues( | � B ), indicatingthat local correlationsare
indeedof specialimportance.For thedegreeof local correla-
tions ( Z D ), we considervaluesup to five. In TableII the TIS
recognitionperformanceof this typeof kernelis comparedto
thatof thepolynomialkernelfor differentlysizedtrainingsets.

TableII shows thattheoptimalparameterizationof theker-
nel dependson thetrainingsetsize.Thetablealsoshows that
the performanceimprovementsover the polynomialincrease
for larger trainingsets.This suggeststhatcarefullydesigned
kernel functionsare useful even in presenceof a wealth of
trainingdata.

In anattemptto further improve performancewe try to in-
corporateanotherbiological hypothesisinto the kernel, this
time concerningthe codon-structureof codingsequence.A
codonis a triplet of adjacentnucleotidesthat codesfor one
amino acid. By definition the differencebetweena true
TIS and a pseudosite is that downstreamof a TIS thereis
CDS (which shows codon structure),while upstreamthere
is not. CDS andnon-codingsequenceshow statisticallydif-
ferent compositions. It is likely that the SVM exploits this
differencefor classification. We could hopeto improve the
kernel by reflecting the 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-invariance. In addition to countingmatchingnu-
cleotideson correspondingpositions,we alsocountmatches
thatareshiftedby threepositions.Wecall theresultingkernel
codon-improved. Exceptfor themodifiedmatchingfunction,
it is given by the sameexpressionsas the locality-improved
kernel.Again, this functioncanbeshown to bea valid kernel
by explicitly deriving themonomialfeatures.

TablesI andII suggestthatthismodificationactuallyseems
to decreaseperformance.This is disappointing,sinceasimilar
modificationto the simplepolynomialkernel leadsto an in-
creaseof recognitionaccuracy (datanot shown), which,how-
ever, is smallerthantheincreaseby thelocality-improvement.
We could imaginethat the processof learningsomerelevant
features(e.g. strongpositionalpreferencesnearto the start
codon)is distortedby the modification. On the otherhand,
the otherkernelsarealreadycapableof learningtranslation-
invarianceif they are given enoughtraining dataand if this
provesadvantageousfor theclassification.

Anotherdirectionfor modificationof thekernelfunction is
suggestedby thegoodperformanceof themethodof Salzberg.
In orderto integratehis ideainto a kernelfunction,we do not
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400data points 1000data points 4000data points
SVM kernel function params error Mcc params error MCC params error MCC
simplepolynomial Z =2 18.1% 46.0% Z =2 16.0% 54.3% Z =1 13.6% 62.3%
locality-improved Z D =3,| =2 18.0% 48.1% Z D =4,| =3 15.9% 53.9% Z D =3,| =3 12.6% 64.6%
codon-improved Z D =1,| =2 18.4% 45.7% Z D =1,| =2 15.6% 55.5% Z D =1,| =2 13.6% 62.2%
Salzberg kernel Z D =1,| =1 14.7% 57.1% Z D =1,| =1 13.6% 61.2% Z D =3,| =1 11.7% 68.8%

Table II. Performanceof kernelfunctions(measuredonthetestsets)computedasdescribedin TableI, but trainedondifferently
sizedsubsetsof the training dataset. The columnsshow the optimal parametersettings(params),determinedasdescribedin
TableI, togetherwith thecorrespondingoverallclassificationerror(error)andMathewscorrelationcoefficient (Mcc).

calculatetheproductof theconditionalprobabilitiesover the
wholesequence,but insteadcalculatethelog oddsof thecon-
ditionalprobabilitiesfor eachpositionseparately:

� �+!$-7%32��T����  !*- � atpos. � in TIS¡ - � V D atpos. �t¢M� in TIS%  !*-&� atpos.� in ANY¡ -&� V D atpos. �t¢M� in ANY%
Here,   denotesestimatedprobabilitiesderivedfrom training
set countsplus pseudocounts, - � is the nucleotideincident
at position � in the sequencecorrespondingto datapoint - ,£¥¤§¦

is thesetof trainingsequencescenteredaroundTIS, and¨¥©yª
is thesetof all trainingsequences(bothcenteredaround

TIS or pseudosites).This way, we definea new input space.
Eachdatapoint is representedby asequenceof log oddscores� �+!$-7% relating,individually for eachposition,two probabili-
ties: first, how likely theobservednucleotideat thatposition
derivesfrom atrueTIS andsecond,how likely thatnucleotide
occursat the given position relative to any ATG triplet. We
thenproceedanalogouslyto the locality-improvedkernel,re-
placingthesparsebit representationby thesequenceof these
scores.As expected,this leadsto a furtherincreasein classifi-
cationperformance.Theresultsareshown in FigureI. How-
ever, a similar gaincouldbeexpectedfor theneuralnetwork
if it wastrainedon thelog oddscoresasinputvalues.

In conclusion,all threeengineeredkernelfunctionsclearly
outperformtheNN asdevisedby PedersenandNielsenby re-
ducingtheoverallnumberof misclassificationsby about25%
(seeTableI). The SVM alsobeatsthe performanceof posi-
tional conditionalprobabilities,which work surprisinglywell
whenappliedto largerwindows thansuggestedby Salzberg.
The SVM resultsshow more falsepositivesand fewer false
negatives than the NN, correspondingto a higher level of
specificity. However, the sensitivity versusspecificity trade-
off canbecontrolledby settingthethresholdvalueof theclas-
sification function (seeFigure 2). From this point of view,
again,theSVMsdobest.

In orderto allow for thisperformancecomparison,all calcu-
lationsreportedabovearebasedonthesamerepresentationof
inputspace(encodingafiveletteralphabet)aswasusedfor the
neuralnetwork. We repeatedsomeof the experimentsusing
a morenaturalrepresentationthatdistinguishesbetweenfour
lettersonly, eachrepresentinga real nucleotide. Unknowns
aretranslatedinto a probabilitydistribution over the four nu-
cleotideswhich is determinedfrom thesequences.Usingthis
representation,themethodof Salzberg performsconsiderably
worsethanbefore: the overall error rate increasesto 21.2%
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Fig. 2. Specificityversussensitivity trade-off for themethod
of Salzberg (grayline) andfor theSVM with Salzberg kernel
(blackline) on thetestdatafor thefirst datapartitions.Speci-
ficity is the rateof correctlypredictedTIS (true positives)to
all predictedTIS; sensitivity is therateof correctlypredicted
TIS to all trueTIS.TheSVM clearlyimprovessensitivity for a
wide rangeof reasonablevaluesof specificity(60-97%).The
performanceof theneuralnetwork by PedersenandNielsenis
markedby ablackplussymbol(+).

(correspondingto specificity71.6%,sensitivity 22.7%,Math-
ews correlation31.8%,mutualinformation0.061). This sug-
geststhat the introductionof unknowns is asymmetricalfor
TIS andpseudosites,andthatthemethodutilizesthisbiasfor
theclassification.However, theSVM usingtheSalzberg ker-
nelperformsalmostaswell onthefour letterrepresentationas
before:theoverall error is 11.7%(Sp76.6%,Sn75.4%,Mcc
68.3,MI 0.311). This shows that thealgorithmdoeswell on
datathatis relevantfor realworld application.

From an applicationpoint of view, performancemeasures
maybeconsideredmorerelevantonapersequencebasisthan
perATG, asinvestigatedsofar. Thus,we re-evaluatethemost
successfulmethod,the SVM with the Salzberg kernel, in a
mannerthatis appropriatefor completemRNA sequences:for
eachof the original 3312sequences(cf. descriptionof data
sets),we predictexactly oneTIS. TheTIS is predictedto be
thehighestscoringATG triplet within thesequence(foreward
strandonly), regardlessof theabsolutescorevalue.Sinceeach
sequencecontainsoneTIS, we have no true negatives. This

6



method number of correct false missed
predictions predictions predictions TIS

Salzberg method 3312 2217 1095 1095
SVM, Salzberg 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 III. Evaluationof theSVM with thebestkernelfunctionon a per-sequencebasison theoriginal setof 3312sequences.
Thesequencesaresuppliedin thenaturalfour-letterrepresentationasdescribedin themaintext. For comparisonpurposes,we
alsoshow thecorrespondingresultsfor theoriginal Salzberg method.In bothcases,for eachsequencethehighestscoringATG
codonis predictedto betheTIS. We alsoapplyESTScan (with default parameters)to all 3312sequences.For eachpredicted
CDS,anATG triplet nearthe supposedstartpoint of the CDS is selectedaspredictedTIS. The evaluationis shown for three
differentselectionstrategies,asindicatedin theleftmostcolumn.

rendersusualperformancemeasures(including Sn, Sp, Mcc
andMI), asusedabove, inappropriate.Instead,we supplyin
TableIII theraw countsof correctandfalsepredictions.The
figuresanupperboundfor theperformanceonourtargetappli-
cationarea,ESTs. In ESTs,in contrastto completemRNAs,
theTIS maynot becovered.Thus,theproblemof TIS recog-
nition becomesmoredifficult, sincewe only know that there
is at mostoneTIS containedin thesequence.Therefore,this
investigationcannotreplaceathoroughevaluationonabench-
markthat is designedfor this purposeandincludesESTsthat
donotcontainaTIS. We intendto developsuchabenchmark.

In order to get a first impressionhow much a program
likeESTScan couldprofit from anadvancedTIS recognition
module,we appliedit to thesamesetof 3312mRNA-lik e se-
quences.ESTScan aimsat identifying CDSwithin ESTsas
accuratelyaspossible.In a slight misuseof theprogram,we
investigatehow confidentlyit predictsthecorrectTIS (thestart
positionof theCDS) for eachsequence.The resultsarealso
shown in TableIII. Onaverage,theESTScan missesthetrue
TIS positionby 41.6nucleotides.Both this figureandthe ta-
bleindicatethatESTScan couldprofit fromaTIS recognition
module.For genomicsequencesandprogramslikeGENSCAN,
a similarsituationcanbeexpected.

Discussion

TIS recognitioncan be usedto improve reliability and ac-
curacy of aminoacid predictionsfrom nucleotidesequences.
Two majorfieldsof applicationaredistinguishedby their dif-
ferent data types: ESTsand genomicsequences.The data
setusedin this paperconsistsof computationallysplicedse-
quencesthatresemblemRNA andthusis moretunedtowards
ESTdata,whichis ourtargetareaof application.In orderto fit
our methodmorecloselyto this datatypeandre-evaluatethe
performance,we arecurrentlybuilding a morerealisticdata
setfrom realESTs.SinceESTscoveronly afragmentof areal
mRNA, wecannotbesurethateachESTcontainsaTIS.Thus,
wecannotsimplypredictthehighestscoringATG of eachEST
to bea TIS, but we alsoneedsomeglobalscorethresholdbe-
low which no TIS is predictedfor an EST. This is modeled
by theall TIS versusall pseudositediscrimination,while the
(possiblyeasier)taskof per-mRNA discriminationwould be

sufficient for completemRNAs. The fragmentarynatureof
ESTsalsoprohibitstheutilizationof someadditionalfeatures
for theclassification,includingthetotal lengthof thecomplete
CDSandthenumberof preceedingstartcodons.

However, cautionis necessaryif we useour methodwithin
a rigorousprobabilisticframework like thoseof GENSCAN or
ESTScan. In somesense,theSVM (aswell asPedersenand
Nielsen’s NN) exploits thedifferencesof theoligo-nucleotide
compositionsin CDSandnon-codingsequence.Thesecom-
positionalpreferencesarealreadyincorporatedin GENSCAN
andESTScan, leadingto probability distribution dependen-
ciesthat mustbe taken into account. In orderto avoid these
dependencies,it is easiestto restrictthesequencewindow pre-
sentedto theSVM to the ribosomebindingsite. In addition,
it is desirablethattheTIS recognitionmethodcomputesprob-
ability valuesfor potentialTIS to be true TIS. Meanwhile,it
shouldbeusefulto heuristicallycombineour TIS recognition
with GENSCAN or ESTScan output.We planto devotemore
work to theseissues.

We believe that the kind of kernel functionspresentedin
this paperwill prove useful for other bioinformaticsprob-
lems.Therearefar toomany interestingclassificationtasksin
molecularbiologythancanbecoveredhere,sowerestrictour-
selvesto threeproblems.Most obviously, our techniquecan
easilybeappliedto therecognitionof otherfixedlengthDNA
signals.Theseincludebindingsitesof regulatoryproteins,that
areimportantelementsof promoters,enhancersandsilencers.
Second,we canimaginethat the excellentproteinclassifica-
tion performanceof the Fisherkernel methoddevelopedby
Jaakkola andHaussler(Jaakkola et al., 1999)canstill be im-
provedby consideringlocalaminoacidcorrelationsin a man-
nersimilar to our locality-improvedkernelor to theSalzberg
kernel.Third, webelieve thatSVMswill provesuccessfulfor
exploiting the informationgatheredwith DNA chips. Here,
kernelfunctionscouldbeengineeredthatreflectthestructure
of expressiondataascollectionof unrelatedtimeseries.These
arefieldsof interestingfuturework.

In summary, we have comparedtheperformanceof impor-
tant methodsfor sequenceclassificationon a bio-molecular
problemof practicalrelevance.We show thatSVMs arecom-
petitiveto other, morefrequentlyusedmachinelearningmeth-
odsandshow a simpleway to includeprior knowledgeto im-
prove performance.We provide evidencethat our advanced
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TIS recognition« canbeof usefor otherexistingprograms.
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