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Abstract. In this paperwe presenta new approacho featureselectionfor se-
guencedata.We identify generalfeaturecategyoriesandgive constructionalgo-
rithms for eachof them.We shav how they canbe integratedin a systemthat
tightly coupledeatureconstructiorandfeatureselectionThisintegratedprocess,
whichwe referto asfeatue geneation, allows usto systematicallysearchalarge
spaceof potentialfeaturesWe demonstrat¢he effectivenesf our approactor
animportantcomponenbf the gene nding problem,splice-siteprediction.We
shaw that predictive modelsbuilt usingour featuregeneratioralgorithmachieve
asigni cantimprovementin accurag over existing, state-of-the-arapproaches.

1 Intr oduction

Many real-world datamining problemsnvolve databestrepresentedssequencesSe-
guencedatacomesn mary formsincluding: 1) humancommunicatiorsuchasspeech,
handwritingandlanguage?) time sequenceandsensorreadingssuchasstockmarket
prices,temperatureeadingsand web-click streamsand 3) biological sequencesuch
asDNA, RNA andprotein.Sequencelatain all domainscontainsuseful'signals’,fea-
tures,thatenablethe correctconstructiorof classi cationalgorithms.

Extractingandinterpretingthe featuresis known to be a hard problem.In mary
cases bruteforce approachs taken, in which the sequencelassi cationmodelsare
providedwith a hugenumberof featuredn the hopethattheimportantfeaturesarenot
overlooked. The large numberof featuresintroducesa dimensionalityproblemwhich
hasseveral disadwantagesFirst, enumeratingll possiblefeaturess impractical.Sec-
ond, mary featuresareirrelevantto the classi cationtaskand have an adwerseeffect
on accurag. And third, knowledgediscorery becomedif cult becauseof the large
numberof parameterivolved.

Thefocusof this paperis onascalablenethodfor featuregeneratiorfor sequences.
We presentan algorithmthat exploresthe spaceof possiblefeaturesandidenti es the
mostusefulones.Ourfocusedfeature generationalgorithm (FGA) integratesfeature
constructiorandfeatureselectionin a systematiavay. Our methodis scalablebecause
it incrementallygeneratesnorecomplex featuredrom currentlyselectednes.

We validate our methodon the task of splice-sitepredictionfor pre-mRM se-
guencesSplicesitesarethe locationsin the DNA sequencewhich areboundariegor
protein codingand non-codingregions. Accuratelocation of splice sitesis animpor-
tantcomponentn thegene nding problemslt is a particularlydif cult problemsince
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the sequenceharacteristicg,e. pre-mRN\ sequencéength,codingsequencéength,
numberof exonsandtheirlengths andinterruptingintron sequencéengthsdo not fol-
low ary known patternmakingit hardto locatethe genes.

We demonstratéhe effectivenesf our approactby comparingit with a state-of-
the-artmethod,GeneSplicerOur predictve modelsshowv signi cant improvementin
accurag. Our nal featureset,achievesa 6:3% improvementin the 11-point average
precisionwhen comparedto GeneSplicerAt the 95% sensitvity level, our method
yields a 10% improvementin speci city. Our contribution is two-fold. First, we give
a generalfeaturegenerationframenork appropriatefor any sequencelataproblem.
Secondwe provide new resultsandidentify a setof featuresfor splice-siteprediction
thatshouldbe of greatinterestto the gene- ndingcommunity

2 RelatedWork

Featureselectiontechniquesave beenstudiedextensiely in text cateyorization[1-5].
Recentlythey have begunreceving moreattentionfor applicationgo biological data.
A goodintroductionfor ltering methodsn the predictionof translationinitiation sites
is givenin [6]. Variousfeatureselectiontechniquedor predictionof splice siteshave
beenstudiedin [7-9]. And in [10], SpliceMachinas describedvith compellingresults.
In addition,thereis a signi cant amountof work on splice-siteprediction.Oneof the
mostwell-known approachess GeneSpliceproposedy Perteaetal [11].

3 Data Description

We validateour methodson a datasetwhich contains4; 000 RefSed pre-mRMN\ se-
guencesln apre-mRN\ sequenceg humangeneis a proteincodingsequencavhichis
characteristicallynterruptedoy non-codingregions,calledintrons.The codingregions
arereferredto as exons. The acceptorsplice site marksthe startof an exon andthe
donorsplicesite markstheendof anexon. All the pre-mRMN\ sequences our dataset
follow the AG consensufor acceptorandGT consensufor donors.

We focus on the predictionof acceptorsplice siteswhich is consideredo be a
harderproblem.Following the GeneSpliceformat, we mark the splice site and take
a subsequenceonsistingof 80 nucleotidesupstreanfrom the site and 80 nucleotides
downstreamWe constructnegative examplesby choosingrandomAG-pair locations
that are not acceptorsitesand selectingsubsequenceas we do for the true acceptor
sites.Our datacontains?20,996positive instanceand200,000negative instances.

4 Feature Generation

The featuretypesthat we considercapturecompositionaland positionalpropertiesof
sequencesTheseapply to ary sequencalatade ned over some x ed alphabet.For
eachfeaturetype we describeanincrementafeatureconstructiorprocedureThe fea-
ture constructiorstartswith aninitial setof featuresand producesan expandedsetof
featuresincrementallyit producesicher, morecomplex featuredor eachiteration.

3 http:/iwww.ncbi.nim.nih.ge/RefSeq/
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4.1 Feature Typesand Construction Procedures

Compositionafeatures A geneil k-meris astringof k-charactersThisfeaturetypeis
usefulfor capturinginformationlik e codingpotentialandcompositionin thesequence.
ConstructionMethod. Givenaninitial setof k-merfeaturesthis constructiormethod
expandsthemto asetof (k + 1)-mersby appendinghelettersof thealphabeto each
k-merfeature.

Region-speci ccompositionalfeatures Splice-sitesequencesharacteristicallyjhave
a codingregion and a non-codingregion. For the acceptorsplice-sitesequenceshe
region of the sequencen the left of the splice-siteposition (upstream)is the non-
codingregion, andtheregion of the sequencéom the splice-sitepositionto theendof
sequencédownstreamj)s thecodingregion. Theseregionsmayexhibit distinctcompo-
sitional propertiesin orderto capturethesedifferencesve useregion-speci ck-mers.

ConstructionMethod. Theconstructiorprocedureof upstreananddownstreank-mer
featuress the sameasthe generak-mermethod with the additionof regionindicator

Positional features Position-speci cnucleotidesarethe mostcommonfeaturesused
for nding signalsin the DNA streamdata[12]. Thesefeaturescapturethe correlation
betweerdifferentnuclecotidesandtheir relative positions.The positionspeci ¢ k-mers
capturethe correlationsbetweenk-adjacentnucleotidesAt eachpositioni in the se-
guencehesefeaturegepresenthe substringappearingt positionsi; i + 1;::;i + k.
ConstructionMethod. This constructionmethodstartswith aninitial setof position-
speci ¢ k-mer featuresand extendsthemto a setof position-speci c(k + 1)-mershy
appendinghelettersof thealphabeto eachposition-speci ck-merfeature.

Conjunctive positionalfeatures To capturghecorrelationdetweerdifferentnucleotides
in nonconsecutie positionsin the sequencewe proposeconjunctiveposition-speci ¢
featuies We constructthesecomplex featuresfrom conjunctionsof basic position-
speci c featuresThe dimensionalityof this kind of featureis inherentlyhigh.
ConstructionMethod. Given an initial setof k-conjuncts,this constructionmethod
selectsfrom the setof basicposition-speci cfeaturesto add anotherconjunctin an
unconstrainegbosition,thereforeconstructinghe setof (k + 1)-conjuncts.

4.2 Feature Selection

Featureselectiormethodseducethe setof featuredhy keepingonly theusefulfeatures
for the task at hand. The problemof selectinguseful featureshasbeenthe focus of
extensve researctandmary approachebave beenproposed1-5].

In our experimentsve considerseveralfeatureselectiormethodgo reducethesize
of our featuresets.We usesereral Iter approacheicluding InformationGain (1G),
Chi-Squae (CHI), Mutual Information (MI), KL-distance(KL) for initial pruning of
featuretypessetsduring the generatiorstage Due to spaceimitations, in the experi-
mentssection,we presenthe combinationthat producedhe bestresults.In our data,
we foundthatmutualinformationperformedbestfor selectingcompositionafeatures,
chi-squaredor positionalfeaturesand information gain for conjunctive features.At
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the nal collectionstep,we combinethis with an embeddednethodbasedon recur
sive featureelimination[9] usedin our nal featurecollectionstage.The weightsw;

of thedecisionboundaryof alinear SVM canbe usedasfeatureweightsto derive fea-
ture ranking. We usethe C-Modi ed LeastSquaredCMLS) classi er [13] andrefer
to this methodasW-CMLS. We recursvely train theclassi er andremove low scoring
features.

4.3 Feature Generation Algorithm (FGA)

Thetraditionalfeatureselectionapproachesonsidera singlebruteforce selectionover
alargesetof all featureof all differenttypes By cateyorizingthefeaturesnto different
featuretypeswe canapply appropriateconstructionand selectionmethodssuitableto
the differenttypes. Thus we can extract relevant featuresfrom eachfeaturetype set
moreefciently thanif asingeselectionmethodhadbeenappliedto thewholeset.We
usethefollowing algorithm:

— Feature Geneation. The rst stagegeneratefeaturesetsfor eachfeaturetype.For
eachde ned featuretype,wetightly couplethe correspondindeatureconstruction
stepwith a speci edfeatureselectionstep.We iteratethroughthesestepsto gener
atericherandmorecomplec featuresDuring eachiteration,we eliminatefeatures
thatareassigned low selectionscoreby the featureselectiormethod.

— Feature Collectionand Selectionln the next stage we collectthe featuresof dif-
ferenttypesandapplyanotherselectionstep.

— Classi cation. The last stageof our algorithmbuilds a classi er overthe nal set
of features.

For thistypeof problemit is notunusuato spendalot of computationatesources,
especiallyin the training phase While featuregenerationremainsa computationally
intensie processthe organizationof the generatiorprocessaccordingto the different
typesallows usto searcramuchlargerspaceef ciently . For thetime compleity of the
classi cationalgorithm,we useCMLS which is very ef cient. In addition,this feature
generatiorapproachhasotheradwantagesuchasthe e xibility to adaptwith respect
to the featuretype andthe possibility to incorporatethe modulein a genericlearning
algorithm.

5 Experimental Resultsfor Splice-SitePrediction

We conducteda wide rangeof experimentsusinga variety of classi ers,andherewe
presenta summaryof them.We presentesultsfor the classi er thatconsistentlygave
thebestresults,CMLS.

We usethe 11-pointaverage (11ptAvg) [14] to evaluatethe performancedf our al-
gorithm.For ary recallratio, we calculatethe precisionat thethresholdwhich achieres
thatrecallratio andcomputethe averageprecision.The 11ptAvg is the averageof pre-
cisionsestimatedat recallvalues0%, 10%,20%, ., 100%.The ability of our algorithm
to discriminatetrue acceptorsite sequencefrom normalsequencess evaluatedalso
using Recever OperatingCharacteristiqgROC) curve analysisAnother performance
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Accuracy Comparison for Upstream/Downstream
B{2}
B{23}

o34 No. features IG | Ml | Chi | KL
ooare 9000 |87.4487.3987.4187.44
8000 |87.4086.7987.3587.33
7000 |87.1485.2487.1587.19
6000 |86.5182.9286.5186.68
5000 |85.9380.3385.9485.89
4000 |83.6975.4683.5783.87
3000 |82.7166.6382.5082.97

Upstream k-mer  Downstream k-mer General k-mer 2000 76.6467.4980.2868.65
CY (b)

Fig.1: (a)Comparisotetweerdifferentfeaturetype setsperformancegjpstreank-mers,down-
streamk-mers,andgeneralk-mersshawvn for differentk (b)11ptA/g precisionresultsfor FGA
varying the featureset size of position-speci c collection of k-mersthroughdifferentfeature
selectiormethods
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measurecommonlyusedfor biological datais the false positiverate(FPr) de ned as
FPr = =555 WhereFP, andTN arethe numberof falsepositivesandtrue

negativesrespectrely. F Pr canbe computedfor all recall valuesby varying the de-
cisionthresholdof the classi er. We alsopresentesultsusingthis measureln all our
experimentstheresultsreportedusethree-foldcross-alidation.

5.1 Accuracy Resultsof FGA

We begin with a brief evaluationof the effectivenes®of the differentfeaturetypesused
in isolation.

Compositionalfeaturesand region-speci ccompositionalfeatures We examineeach
k-merfeaturesetindependentlyor eachvalueof k from 2 to 6. Figure1(a)shavsthe
accurag resultsfor theregion-speci ck-mersandthe generak-merfeaturesetsaswe
collectthemaftereachiteration.In our experimentsMI selectionrmethodworkedbest
for compositionafeaturesWe noticethatk-merfeaturescarry moreinformationwhen
they areassociatedvith a speci c region (upstreanor downstream)andthis is shovn
by the signi cant increasen their 11ptAvg precisions.

Positional features Next, we examineeachposition-speci ck-merfeaturesetinde-
pendentlyWe explorek-valuesfrom 1 to 6. Thepredictionresultsfor this featuretype
(datanot shown) aftereachgeneratiorstepgraduallyincreaseuntil level 3, thengradu-
ally drop.This canbeexplainedwith the exponentialincreasen the numberof features
after eachlevel. In Figure 1(b), we usefeatureselectionto have a mix of position-
speci ¢ k-mersfor k valuesfrom 1 to 3. This tableshaws resultsof repeatedelection
for IG, MI, CHI andKL featureselectionmethods Of these,CHI retainsthe highest
precisionamongthe four methodsOur paired-ttestsfor statisticalsigni cancereveal
thatthesevaluesalthoughsimilar arestatisticallysigni cant.
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Accuracy of Position Specific Features generated
with FGA vs. Random Accuracy Comparison for Different Feature Sets
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Fig.2: a) 11ptAvg resultsfor the position speci ¢ featuresetsgeneratedvith FGA algorithm
vs randomlygeneratedeaturesb) Performanceesultsof the FGA methodfor differentfeature
typesaswell asthe GeneSpliceprogram

o

Conjunctive positional features Finally, we examineconjunctive positionalfeatures.
The numberof thesefeaturesgrows exponentiallyandit is clearly very cumbersome
to test for relevancemore than 40 million unique combinationsof triple conjuncts.
We explore setsof 2 to 4 conjunctsdenotedas(P 2; P 3; P4). We usethe |G selection
methodo selecthetopscoringl; 000featuresandrepeathegeneratiorontheselected
setto getthe next level. In Figure2(a), we shav the performancesf the conjunctive
featuresets.For comparisonye introducea baselinemethod,which is the averageof
10trials of randomlypicking 1; 000 conjunctive featuresrom eachlevel.

Summary Next, we comparecollectionsof differentlevels of the featuresetsof dif-
ferenttypes.Theresultsaresummarizedn Figure2(b).

Compositional featuresand region-speci ¢ compositional features The rst two
barsshav the resultsfor the best2; 000 k-mer featuresfor k rangingfrom 2 to
6. Generalk-mersresultin an 11ptAvg of only 39:84%, while the result of the
combinedupstreanmanddownstreank-merfeaturess 77:18%.

Position-speci ¢ k-mers The third bar shavs the resultsfor position speci ¢ nu-
cleotidesandthe next bar shavs 5; 000 position-speci ck-mer featuresselected
usingthe CHI selectionmethodfor k rangingfrom 1 to 3. The 11ptAvg precision
is 85:94%.

Conjunctive positional features The next bar shaws the resultsfor a collection of
3; 000 conjunctive positional featuresfor k rangingfrom 1 to 4 selectedusing
IG. The 11ptA/G precisionthatthis collectionsetgivesis 82:67%. Theseresults
clearly shawv that using complex position-speci cfeaturesis bene cial. Interest-
ingly, thesefeaturesypically are not consideredy existing splice-siteprediction
algorithms.

Figure 2(b) also shaws the performanceof GeneSpliceon the samedatasetWe see
that evenin isolation, our positionalfeaturesand our conjunctive positionalfeatures
performbetterthanGeneSplicerTheseresultsarealsostatisticallysigni cant.
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Accuracy of FGA compared with GeneSplicer False Positive Rate for FGA vs. GeneSplicer
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Fig.3: (a) 11ptAvg precisionresultsfor FGA varying the featuresetsize,comparedo GeneS-
plicer (b) Thefalsepositive rateresultsfor FGA varying the sensitvity threshold,comparedo
GeneSplicer

Resultsusingthe full feature-typecollection In the following setof experimentswe
shaw the resultsafter we collect all the featuresthat we have generatedWe run our
CMLS classi cationalgorithmwith a total featuresetof size 10; 000 containinggen-
eral k-mers,upstream/denstreamk-mers, position-speci c k-mersand conjunctive
position-speci cfeatures We achiesze an 11ptAvg precisionperformanceof 88:20%.
This compareqyuite favorably with one of the leadingprogramsin splice-sitepredic-
tion, GeneSplicewhichyieldsanaccurayg of 81:89% on the samedatasetThepreci-
sionresultsat all individual recall points (datanot shawvn) areconsistentlyhigherthan
thoseof GeneSplicerin Figure 3(a) we explore moreaggressie featureselectionop-
tions and seethat smallerfeaturesetsof even 2; 000 also outperformGeneSplicerin
theseexperimentst is the more expensive W-CMLS selectionmethodthat we usein
orderto selecta smallerworking featureset.

We presenthefalsepositive ratesfor variousrecallvaluesin Figure3(b). Our fea-
turegeneratioralgorithm,with its rich setof featuresconsistentlyperformsbetterthan
GeneSplicerOur falsepositive ratesarefavorably lower at all recallvalues.At a 95%
sensitvity ratetheF Pr decreaseffom 6:2 to 4:3%. This signi cant reductionin false
positive predictionscanhave a greatimpactwhensplice-sitepredictionis incorporated
into a gene- nding program.It shouldalso be notedthat thereis no signi cant dif-
ferencein the runningtime of FGA comparedo GeneSplicerFGA performsa linear
search(in termsof sequencéngth)alongthegivensequencén searctor high scoring
sites.

6 Conclusions

We presente@ generafeaturegeneratiorframenork whichintegratesfeatureconstruc-
tion andfeatureselectionn a e xible mannerWe shavedhow this methodcanbeused
to build accuratesequencelassi ers.We presenteaxperimentalresultsfor the prob-
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lem of splice-siteprediction.We wereableto searchover an extremelylarge spaceof

featuresetseffectively, andwe wereableto identify the mostuseful setof featuresof

eachtype.By usingthis mix of featuretypes,andsearchingvercombination®f them,
we were ableto build a classi er which achiezesan accurag improvementof 6:3%

over an existing state-of-the-arsplice-sitepredictionalgorithm.The speci city values
are consistentlyhigherfor all sensitvity thresholdsandthe falsepositive rate hasfa-

vorably decreasedn future work, we planto apply our featuregeneratioralgorithm
to morecomple featuretypesandothersequencgredictiontasks,suchastranslation
startsite prediction.
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