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Abstract. In thispapemwe presentinew approacho featureselectiorfor sequenceata Weidentify
generalfeaturecateyories and give constructionalgorithmsfor them. We shav how they canbe
integratedin a systemthattightly couplesfeatureconstructiorandfeatureselectionThis integrated
processwhich we refer to asfeatue geneation, allows us to systematicallysearcha large space
of potentialfeatures We demonstrate¢he effectivenesof our approactfor animportantcomponent
of the gene nding problem,splice-siteprediction.We shav that predictive modelsbuilt usingour
featuregeneratioralgorithm achieve a signi cant improvementin accurag over existing, state-of-
the-artapproaches.
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1 Intr oduction

Many real-world datamining problemsinvolve datamodeledassequencessequencéatacomesn mary
formsincluding: 1) humancommunicatiorsuchasspeechhandwritingandlanguage?) time sequences
and sensorreadingssuchas stock market prices, temperaturaeadingsand web-click streamsand 3)
biological sequencesuchasDNA, RNA andprotein.In all thesedomainsit is importantto ef ciently
identify useful'signals'in thedatathatenablethe correctconstructiorof classi cationalgorithms.

Extractingandinterpretingthese'signals'is known to be a hard problem.The focus of this paper
is on a systematiandscalablemethodfor featuregeneratiorfor sequencediVe identify a collectionof
genericsequencéeaturetypesanddescribehecorrespondindeatureconstructiormethodsThesemeth-
odscanbeusedto createmorecomple featurerepresentationg\s exhaustie searchof this large space
of potentialfeatureds intractablewe proposea general-purposéocusedeature generationalgorithm
(FGA), which integratesfeatureconstructiorandfeatureselection.The outputof the featuregeneration
algorithmis a moderatelysizedsetof featuresvhich canbe usedby arbitraryclassi cationalgorithmto
build a classi er for sequencerediction.

We validateour methodon the task of splice-sitepredictionfor pre-mRNA sequencesSplice sites
are locationsin the DNA sequencavhich are boundariesfor protein coding regions and non-coding
regions.Accuratepredictionof splicesitesis animportantcomponenbdf thegene nding problem.lt isa
particularlydif cult problemsincethe sequenceharacteristicsg.g.pre-mRM sequencéength,coding
sequencéength, numberof interruptingintron sequenceand their lengths,do not follow ary known
patternmakingit hardto locatethegenesThegene nding challengés to build agenerabhpproactthat,
despitethelack of known patternswill automaticallyselecttheright features¢o combine.

We demonstratéhe effectivenessof this approachby comparingit with a state-of-the-armethod,
GeneSplicerOur predictve modelsshowv signi cant improvementin accurag. Our nal featureset,
which includesa mix of featuretypes,achievesa 4:4% improvementin the 11-point averageprecision
whencomparedo GeneSplicerAt the 95% sensitvity level, our methodyields a 10% improvementin
Speci city.

Our contrikution is two-fold. First, we give a generalfeaturegeneratiorframenork appropriatefor
ary sequencelataproblem.Secondwe provide new resultsfor splice-sitepredictionthat shouldbe of
greatinterestto thegene- ndingcommunity
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2 RelatedWork

Featureselectiontechniqueshave beenstudiedextensiely in text cateyorization[1-5].Recentlythey
have begunreceving more attentionfor applicationsto biological data.Liu andWong [6] give a good
introductionfor Itering methodsusedfor the predictionof translationinitiation sites.Degrovesetal. [7]
describea wrapperapproachwhich usesboth SVMs and Naive Bayesto selectthe relevantfeaturesfor
splice sites.Otherrecentwork includesmodelsbasedon maximumentrogy [8], in which only a small
neighborhoodroundthesplicesiteis consideredzhangetal. [9] proposearecursvefeatureelimination
approachusingSVM andSags et al. have alsoproposeda numberof differentmodels[10,11]. Finally,
SpliceMaching12] is thelatestadditionwith compellingresultsfor splice-siteprediction.

In addition,thereis asigni cant amountof work onsplice-sitgprediction.Oneof themostwell-known
approachess GeneSpliceproposedy Perteaetal [13]. It combinedMaximal Dependeng Decomposi-
tion (MDD) [14] with secondorderMarkov models.GeneSplicers trainedon splice-sitesequence$62
nucleotidedong. This splice neighborhoods largerthan mostother splice-siteprogramg15]. GeneS-
plicer, similar to mostotherprogramsassumeshat splicesitesfollow the AG/GT nucleotide-paicon-
sensudgor acceptoranddonorsitesrespectiely. It usesarich setof featuresncluding position-speci ¢
nucleotideaandupstream/danstreantrinucleotides.

3 Data Description

We validate our methodson a datasetvhich contains4; 000 RefSed pre-mRM\ sequencesEachse-
guencecontainsa whole humangenewith 1; 000 additionalnucleotideshbeforeand after the annotated
startandstoplocationsof the gene.The basealphabeis f a; c; g; tg. The sequencebave a non-uniform
lengthdistribution rangingfrom 2; 359 nucleotidego 505 025 nucleotidesin a pre-mRNA sequencea
humangeneis a proteincodingsequencevhich is characteristicallynterruptedby non-codingregions,
calledintrons.Thecodingregionsarecalledexonsandthenumberof exonspergenein ourdatasevaries
non-uniformlybetweeril and48. Theacceptosplicesite marksthe startof anexonandthe donorsplice
site marksthe endof anexon. All the pre-mRMNA sequencem our datasefollow the AG consensugor
acceptorandGT consensufor donors.

We extractacceptositesfrom thesesequence$-ollowing the GeneSpliceformat,we markthesplice
siteandtake a subsequenceonsistingof 80 nucleotidesupstreanfrom the siteand80 nucleotidesiown-
stream We extract negative examplesby choosingrandomAG-pairlocationsthat are not acceptoisites
and selectingsubsequenceas we do for the true acceptorsites.Our datacontains20,996positive in-
stancegand200,000negyative instances.

4 Feature Generation

In this sectionwe presentanumberof featuretypesfor splice-sitepredictionandtheir correspondingon-
structionproceduresif appliednaively, the constructiorprocedureproducefeaturesets,which become
easilyintractable.To keepthe numberof featuresat manageabléevels, we thenproposea generalpur-
posefeaturegeneratioralgorithmwhich integratesfeatureconstructiorandselectionin orderto produce
meaningfulfeatures.

4.1 Feature Typesand Construction Procedures

The featuretypesthat we considercapturecompositionaland positionalpropertiesof sequenceslhese
applyto sequencelatain generalandthe splice-sitesequenceredictionproblemin particular For each
featuretype we describean incrementafeatureconstructionprocedure The featureconstructionstarts
with aninitial setof featuresand produceghe constructedset of features.Incrementally during each
iteration,it producesicher, morecomplex featuredor eachlevel of the outputfeatureset.

3 http:/iwww.ncbi.nim.nih.ge/RefSeq/
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Compositionalfeatures A k-meris a string of k-characters.\considerthe generak-mercomposition
of sequencefor k values2; 3; 4; 5 and6. Giventhealphabefor DNA sequences,a; c;g; tg, thenumber
of distinctfeaturesds 4 for eachvalueof k. Thereis atotal of 5; 456featuregor thek valueswe consider

ConstructiorMethod. Thisconstructiormethodstartswith aninitial setof k-merfeatureandextends
themto a setof (k + 1)-mersby appendingthe lettersof the alphabetto eachk-mer feature.As an
example,supposen initial setof 2-mersFiniia = fac;cgg. We constructthe extendedsetof 3-mers
Feonstr ucted = faca;acc;acg; act; cga; cge;cgg; cgtg. Incrementallyin this mannerwe can construct
levels4; 5 and®6.

Region-speci ccompositionaffeatures Splice-sitesequencesharacteristicalljhase acodingregionand
anon-codingregion. For the acceptorsplice-sitesequencegheregion of the sequencen theleft of the
splice-siteposition (upstreamjs the non-codingregion, andthe region of the sequencérom the splice-
site positionto the end of sequencédownstream)s the codingregion. It is expectedthattheseregions
exhibit differentcompositionapropertiesin orderto capturethesedifferencesve useregion-speci ck-
mers. Herewe alsoconsidelk-merfeaturedor k values2; 3; 4; 5 and6. Thusthetotalnumberof features
is10;912

ConstructiorMethod. Theconstructiorproceduref upstreanmanddownstreank-merfeaturess the
sameasthegenerak-mermethod with theadditionof regionindication.

Positional features Position-speci cnucleotidesarethe mostcommonfeaturesusedfor nding signals
in the DNA streamdata[14—16]. Thesefeaturescapturethe correlationbetweendifferent nucleotides
andtheir relative positions.Our sequencebave a lengthof 160 nucleotidesthereforeour basicposition-
speci c featuresetcontains640features.

In addition,we wantto capturethe correlationgthat exist betweendifferentnucleotidesn different
positionsin thesequenceSereralstudieshave proposedgosition-speci ck-mers, but this featurecaptures
only thecorrelationsamongnearbypositions Herewe proposea conjunctiveposition-speci cfeatuie. We
constructhesecomplex featuregrom conjunctionof basicposition-speci cfeaturesThedimensionality
of thiskind of featureis inherentlyhigh.

ConstructionMethod. We startwith aninitial conjunctionof basicfeaturesandaddanotherconjunct
basicfeaturein an unconstrainegosition. Let our basicsetbe Fpasic = fag;ci;:i;on;thg, Where,
for example,a; denotesucleotidea atthe rst sequenceposition.Now, if our initial setis Finitiag =
fay; 919, we canextendit to thelevel 2 setof position-speci chasecombinationd=constr ucted = faz
az;a; M ¢ g2 M thg. Incrementallyin this mannemwe canconstructhigherlevels. For eachiteration,

if the numberof conjunctds k we have atotal of E 4% suchfeaturedfor asequencef lengthn.

4.2 Feature Selection

Featureselectionmethodsreducethe setof featuresby keepingonly the usefulfeaturesfor the task at
hand.The problemof selectinguseful featureshasbeenthe focus of extensive researchand mary ap-
proachesave beenproposedl1-3,5,17]. In our experimentsve considerseseralfeatureselectiormeth-
odsto reducethe size of our featuresets,including Information Gain (IG), Chi-Squae (CHI), Mutual
Information(MI) [18] and KL-distance(KL) [2]. Dueto spacdimitations,in theexperimentssectionwe
presenthe combinationthat producedthe bestresults.We usedMutual Informationto selectcomposi-
tional featuresandInformationGainto selectpositionalfeaturesduring our featuregeneratiorstep.

4.3 Feature Generation Algorithm (FGA)

Thetraditionalfeatureselectionapproachesonsidera singlebruteforce selectionover a large setof all
featuresf all differenttypes.We emphasizatype-orientedeatureselectiorapproachThetype-oriented
approachintroduceghe possibility of emplgying differentfeatureselectionrmodelsfor eachtype set;i.e.
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for afeaturesetwhosedimensionalityis nottoo highwe mayuseawrapperapproact1] in the selection
step,while for alargefeaturetype setwe mayuse Iter approache§3]. Also, in this mannerfeaturesof

differenttypescanbegeneratedh aparallelfashion.In orderto employ theinformationembeddedh the
selectedeaturedor sequencerediction,we proposehefollowing algorithm:

— Feature Geneation. The rst stagegenerateshe featuresetsfor eachfeaturetype. We startwith
severalde ned featuretypes.For eachfeaturetype,we tightly coupletogetherafeatureconstruction
stepand a featureselectionstep and, iterating throughthesesteps,we generatericher and more
comple featuresWe specifya featureselectionmethodfor eachfeaturetype andthus,duringeach
iteration,eliminatea subsebf featureghatareobtainedrom theconstructiormethod Thesefeatures
areusuallyassignedhlow selectionscoreandtheir eliminationwill notaffecttheperformancef the
classi cationalgorithm.

— Feature Collectionand SelectionIn the next stagewe collectall the generatedeaturesof different
typesandapplyanotherselectionstep.This selectiorstepis performedbecausdeatureof a particu-
lar type maybe moreimportantfor the sequencerediction.We producea setof featuresoriginating
from differentfeaturetypesanddifferentselectionprocedures.

— Classi cation. The last stageof our algorithmbuilds a classi er over the re ned setof featuresand
learnsa modelfor thegivendataset.

In additionto beingcomputationallytractablethis featuregeneratiorapproacthasotheradvantagesuch
asthe e xibility to adaptwith respecto thefeaturetype andthe possibilityto incorporatehe modulein
agenericlearningalgorithm.

5 Experimental Resultsfor Splice Site Prediction

We conducteda wide rangeof experimentsto supportour claims,and herewe presenta summaryof
them.For our experimentswe considered rangeof classi ers.We presentesultsfor the classi er that
consistentlygave the bestresults calledC-Modi ed LeastSquare4CMLS) [19]. CMLS is awide mamgin
classi er relatedto SupportVectorMachines(SVM), but hasa smoothempenaltyfunction. This allows
the calculationof gradientsvhich canprovide fastercorvergence.

5.1 PerformanceMeasures

We usethe 11-pointaveiage measure[20jo evaluatethe performancef our algorithm.To calculatethis
measureywerankthetestdatain decreasingrderof scoresFor athreshold, thetestdatapointsabovethe
thresholdarethesequenceretrieved Of thesethosethataretrue positives(T P) areconsideredelevant
Recallis the ratio of relevantsequencesetrievedto all relevantsequenceéincludingthosemissed)and
precisionis the ratio of relevantsequencesetrievedto all retrieved sequenced-or ary recall ratio, we
calculatethe precisionatthethresholdvhich achiesesthatrecallratioandcomputetheaverageprecision.
The 11-pointaverageprecision(11ptA/G) is the averageof precisionsestimatedat the 11 recall values
0%, 10%, 20%, ., 100%. At eachsuchrecall value,the precisionis estimatedasthe highestprecision
occurringatany rankcutoff wheretherecallis atleastasgreatasthatvalue.

The measure®f sensitivity(Se)and speci city (Sp) commonlyusedby the computationabiology
communitycorrespondespectiely to therecallandprecisionde nitions. Anotherperformanceneasure

commonlyusedfor biological datais the false positiverate(FPr)de ned asF Pr = % where
FP,andTN arethe numberof falsepositivesandtrue negativesrespectiely. By varying the decision
thresholdof the classi er FP canbe computedfor all recall values.We also presentresultsusing this
measure.

In all our experimentstheresultsreportedusethree-foldcross-alidation.
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Fig.1: (a) 11ptA/G precision results of the different collection sets of k-mers with no selection (Sets of
f2g,...f 2,3,4,5,§-mers) and50% of thefeaturesafter usingmutualinformationfor selection(Setsof selectedb0%)
(b) Comparisorbetweerdifferentfeaturetype setsperformancesypstreank-mers,dowvnstreank-mers,andgeneral
k-mersshavn in setsof f 2g,...f 2,3,4,5,@-mers.
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5.2 Accuracy Resultsof FGA

In thefollowing experimentave presenthe evaluationof four differentfeaturetypes,which carry posi-
tional and compositionainformation.As discussedn Section4.3 initially we evaluatethemseparately
andthenidentify the bestgroupof featuresor eachtype beforecombiningthem.

Compositionalfeaturesand splice-siteprediction We examineeachk-merfeaturesetindependentlyor
eachvalueof k. We usethe whole k-mer setto constructthe new (k + 1)-merset.In our experiments,
we foundthe Ml selectiormethodworksbestfor compositionafeaturesFigurel(a)shovstheaccurag
resultsfor the generalk-mer featuresaswe collectthemthrougheachiteration. Note that reducingthe
numberof featuresin half haslittle effect on the overall performanceln Figure 1(b) we highlight the
contribution of the region-speci c k-mer featuresat eachiteration. It is clearthat k-mer featurescarry
more informationwhen associatedvith a speci ¢ region (upstreamor downstream)andthis is shavn
by the signi cant increasean their 11ptA/G precisions We combineupstreamand downstreamk-mer
featuresandsummarizeheresultsin Figure2(b) alongwith theindividual performancesf eachfeature
type.Thesefeaturesshav an11ptA/G precisionof 77:18%, ascomparedo 39:84% of generak-mers.

Next, we collectthe generatedompositionafeaturesn the feature collectionand selectionstage of
our algorithm.During this step,we pick 2; 000compositionafeaturesof differenttypeswithout affecting
the performanceof the classi cation algorithm. From this nal setwe obsene that,in generalhigher
level k-mersaremoreinformative for splice-siteprediction.Furthermorewe nd thatthegeneratednal
k-merfeaturesetrevealsmore5-mersand6-mersoriginatingfrom the downstrean{coding)region. This
is to be expectedsincethesefeaturescancapturethe compositionapropertiesof the codingregion.

Positional featuresand splice-siteprediction Position-speci cnucleotideswhich constituteour basic
featuresetFyasic , give a satishctory 11ptAvg precision,80:34%. This is includedin the graphin Fig-
ure 2(b). An initial obsenation of the conjunctive position-speci cfeaturesrevealsthat, for pairwise
combinationswe have over 200, 000 uniquepairsandfor combinationsof triples this numberexceeds
40 million. Using our featuregeneratioralgorithm,we generatéhigherlevels of this featuretype, start-
ing with the basicposition-speci cnucleotidefeaturesFor eachconjunctlevel we usethe construction
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Fig.2: a) 11ptAvg Precisiorresultsfor the positionspeci c featuresetsgeneratedvith FGA algorithmvs randomly
generatedeaturesb) Performanceesultsof the FGA methodfor differentfeaturetypesaswell asthe GeneSplicer
program

methodto getthe next level of featuresWe usethe IG selectionmethodto selectthe top scoring1; 000
featuresandrepeatthe generatiorto getthe next level usingthe selectedsetof featuresastheinitial set.
We explorefrom oneto four conjunctsdenotedas(P 1; P 2; P 3; P 4).

In Figure 2(a), we shav the performance®f the conjunctive featuresetsP 2; P 3; andP 4. For com-
parison,we introducea baselinemethod,which randomlypicks 1; 000 conjunctive featuresfrom each
level of two, threeandfour conjuncts We randomlygeneratel O roundsof suchfeaturesetsfrom each
level andwe computethe averageperformanceor the level. We compareour featuregeneratioralgo-
rithm againsthis randomgeneratiorbaseline As we canseefrom the gure, FGA outperformgandom
selectionsigni cantly.

In thefeatuie collectionand selectionstep we combinethe FGA generatedeatureshatcarry posi-
tionalinformation.Withoutany lossin 11ptA/G precisionwe selecthetop 3; 000featuresf this collec-
tion. The 11ptAvg precisionthatthis collectionsetgivesfor theacceptosplice-sitepredictionis 82:67%
assummarizedn Figure2(b). Theseresultsclearly shav thatusingmorecomplex position-speci cfea-
turesis bene cial. In particular we obsenre that pairsof position-speci cbasesi.e. level 2 featuresare
a very importantfeaturesetthat shouldbe exploited. Interestingly typically they arenot consideredy
existing splice-sitepredictionalgorithms Figure2(b) alsoshows the performanceof GeneSpliceon the
samedatasetWe seethatour positionalfeaturescombinationperformsbetterthanGeneSplicer

The nal collectionand comparisorwith GeneSplicer In the following setof experimentswe showv
theresultsafterwe collectthe featuresof all typesthatwe have generatedWe run our CMLS classi ca-
tion algorithmwith afeaturesetof size5; 000 containinggenerak-mers,upstream/danstreank-mers,
position-speci cnucleotidesandconjunctionsof position-speci cfeaturesWe achieze an 11ptA/G pre-
cisionperformancef 86:31%. This comparesgjuitefavorablywith oneof theleadingprogramsn splice-
site prediction,GeneSplicerwhich yields an accurag of 81:8%% on the samedatasetThe precision
resultsat all individual recall points are showvn in Figure 3(a). As it canbe seenfrom the gure, our
precisionresultsareconsistentlyhigherthanthoseof GeneSplicertall 11 recallpoints.For theseexper
iments,in Figure3(b), we have includedtheresultsof repeatedelectionfor IG, MI, CHI andKL feature
selectionmethods Sincethe collectionstageof our algorithmallows for seseral featureselectionsteps,
we exploremoreaggressie featureselectionoptionsandseethatsmallerfeaturesetsof even2; 000also
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Accuracy of FGA compared with GeneSplicer

Recall |Precision(Speci city
(Sensitvity)|FGA GeneSplicer
0 1 1
0.1 0.984 0.967 c
0.2 [0.976  0.960 2
0.3 ]0.967 0.941 £
0.4 |0.957  0.926 £
0.5 0.946 0.907 SR 1
0.6 0.932 0.880 ol 5 Genaspicer |
0.7 0.906 0.849 2 peam
0.8 0.865 0.792 071 A~ FGAKL .
0.9 0.787 0.689
1 0.174  0.095 ooor |
11ptA/G |0.863 0.819 0.67 ‘ ‘ ‘ ‘ ‘ ‘ ‘
1000 1500 2000 2500 3000 . 3500 4000 4500 5000
Feature set size
(a) (b)

Fig.3: (a) The precisionvaluesfor FGA and GeneSplicert 11 recall points (b) 11ptAverageprecisionresultsfor
FGA varyingthefeaturesetsize,comparedo GeneSplicer

outperformGeneSplicerOf thesewe preferthelG selectiormethodsinceit retainsthe high precisionof
greaterthan86% andin suchproblemsof biologicalnaturea higherspeci city is veryimportant.

In orderto give further detailson the differencebetweerthe performancesf the two programswe
presenthefalsepositive ratesfor varioussensitvity valuesin Figure4. Ourfeaturegeneratioralgorithm,
with its rich setof featuresconsistentlyperformsbetterthan GeneSplicerOur falsepositive ratesare
favorably lower at all recall values.At a 95% sensitvity ratethe FPr decreasedrom 6:2 to 4:3%.
Thisis asigni cant reductionin falsepositive predictionsThis canhave a greatimpactwhensplice-site
predictionis incorporatednto agene- ndingprogram.

6 Conclusions

We presented generalfeaturegeneratiorframenork, which integratesfeatureconstructiorandfeature
selectionin a e xible manner We shoved how this methodcould be usedto build accuratesequence
classi ers.We presenteaxperimentalresultsfor the problemof splice-siteprediction.We wereableto
searchover an extremely large spaceof featuresetseffectively, andwe were able to identify the most
usefulsetof featuresof eachtype. By usingthis mix of featuretypes,andsearchingover combinations
of them,we were ableto build a classi er which achiezesan accurag improvementof 4:4% over an
existing state-of-the-arsplice-sitepredictionalgorithm.Thespeci city valuesareconsistentlyhigherfor
all sensitvity thresholdsandthe falsepositive rate hasfavorably decreasedn future work, we planto
applyourfeaturegeneratioralgorithmto morecomplex featuretypesandothersequenceredictiontasks,
suchastranslationstartsite prediction.
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