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Abstract. In thispaperwepresentanew approachto featureselectionfor sequencedata.Weidentify
generalfeaturecategoriesand give constructionalgorithmsfor them. We show how they can be
integratedin a systemthat tightly couplesfeatureconstructionandfeatureselection.This integrated
process,which we refer to as feature generation, allows us to systematicallysearcha large space
of potentialfeatures.We demonstratetheeffectivenessof our approachfor animportantcomponent
of the gene�nding problem,splice-siteprediction.We show that predictive modelsbuilt usingour
featuregenerationalgorithmachieve a signi�cant improvementin accuracy over existing, state-of-
the-artapproaches.
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1 Intr oduction

Many real-world dataminingproblemsinvolvedatamodeledassequences.Sequencedatacomesin many
formsincluding:1) humancommunicationsuchasspeech,handwritingandlanguage,2) timesequences
and sensorreadingssuchas stock market prices,temperaturereadingsand web-click streamsand 3)
biological sequencessuchasDNA, RNA andprotein.In all thesedomainsit is importantto ef�ciently
identify useful'signals'in thedatathatenablethecorrectconstructionof classi�cationalgorithms.

Extractingand interpretingthese'signals' is known to be a hardproblem.The focusof this paper
is on a systematicandscalablemethodfor featuregenerationfor sequences.We identify a collectionof
genericsequencefeaturetypesanddescribethecorrespondingfeatureconstructionmethods.Thesemeth-
odscanbeusedto createmorecomplex featurerepresentations.As exhaustivesearchof this largespace
of potentialfeaturesis intractable,weproposeageneral-purpose,focusedfeaturegenerationalgorithm
(FGA), which integratesfeatureconstructionandfeatureselection.Theoutputof thefeaturegeneration
algorithmis a moderatelysizedsetof featureswhich canbeusedby arbitraryclassi�cationalgorithmto
build aclassi�er for sequenceprediction.

We validateour methodon the taskof splice-sitepredictionfor pre-mRNA sequences.Splicesites
are locationsin the DNA sequencewhich are boundariesfor protein coding regions and non-coding
regions.Accuratepredictionof splicesitesis animportantcomponentof thegene�nding problem.It is a
particularlydif�cult problemsincethesequencecharacteristics,e.g.pre-mRNA sequencelength,coding
sequencelength,numberof interruptingintron sequencesandtheir lengths,do not follow any known
pattern,makingit hardto locatethegenes.Thegene�nding challengeis to build ageneralapproachthat,
despitethelackof known patterns,will automaticallyselecttheright featuresto combine.

We demonstratethe effectivenessof this approachby comparingit with a state-of-the-artmethod,
GeneSplicer. Our predictive modelsshow signi�cant improvementin accuracy. Our �nal featureset,
which includesa mix of featuretypes,achievesa 4:4% improvementin the 11-point averageprecision
whencomparedto GeneSplicer. At the95% sensitivity level, our methodyieldsa 10% improvementin
speci�city.

Our contribution is two-fold. First, we give a generalfeaturegenerationframework appropriatefor
any sequencedataproblem.Second,we provide new resultsfor splice-sitepredictionthat shouldbe of
greatinterestto thegene-�ndingcommunity.
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2 RelatedWork

Featureselectiontechniqueshave beenstudiedextensively in text categorization[1–5].Recentlythey
have begun receiving moreattentionfor applicationsto biological data.Liu andWong [6] give a good
introductionfor �ltering methodsusedfor thepredictionof translationinitiation sites.Degrovesetal. [7]
describea wrapperapproachwhich usesbothSVMs andNaive Bayesto selectthe relevantfeaturesfor
splicesites.Otherrecentwork includesmodelsbasedon maximumentropy [8], in which only a small
neighborhoodaroundthesplicesiteis considered.Zhangetal. [9] proposearecursivefeatureelimination
approachusingSVM andSaeys et al. have alsoproposeda numberof differentmodels[10,11]. Finally,
SpliceMachine[12] is thelatestadditionwith compellingresultsfor splice-siteprediction.

In addition,thereis asigni�cant amountof workonsplice-siteprediction.Oneof themostwell-known
approachesis GeneSplicerproposedby Perteaet al [13]. It combinesMaximal Dependency Decomposi-
tion (MDD) [14] with secondorderMarkov models.GeneSpliceris trainedon splice-sitesequences162
nucleotideslong. This spliceneighborhoodis larger thanmostothersplice-siteprograms[15]. GeneS-
plicer, similar to mostotherprograms,assumesthat splicesitesfollow theAG/GT nucleotide-paircon-
sensusfor acceptoranddonorsitesrespectively. It usesa rich setof featuresincludingposition-speci�c
nucleotidesandupstream/downstreamtrinucleotides.

3 Data Description

We validateour methodson a datasetwhich contains4; 000 RefSeq3 pre-mRNA sequences.Eachse-
quencecontainsa whole humangenewith 1; 000 additionalnucleotidesbeforeandafter the annotated
startandstoplocationsof thegene.Thebasealphabetis f a; c;g; tg. Thesequenceshave a non-uniform
lengthdistribution rangingfrom 2; 359nucleotidesto 505; 025nucleotides.In a pre-mRNA sequence,a
humangeneis a proteincodingsequencewhich is characteristicallyinterruptedby non-codingregions,
calledintrons.Thecodingregionsarecalledexonsandthenumberof exonspergenein ourdatasetvaries
non-uniformlybetween1 and48. Theacceptorsplicesitemarksthestartof anexonandthedonorsplice
sitemarkstheendof anexon.All thepre-mRNA sequencesin our datasetfollow theAG consensusfor
acceptorsandGT consensusfor donors.

Weextractacceptorsitesfrom thesesequences.Following theGeneSplicerformat,wemarkthesplice
siteandtakeasubsequenceconsistingof 80nucleotidesupstreamfrom thesiteand80nucleotidesdown-
stream.We extractnegative examplesby choosingrandomAG-pair locationsthatarenot acceptorsites
andselectingsubsequencesaswe do for the true acceptorsites.Our datacontains20,996positive in-
stancesand200,000negative instances.

4 Feature Generation

In thissectionwepresentanumberof featuretypesfor splice-sitepredictionandtheircorrespondingcon-
structionprocedures.If appliednaively, theconstructionproceduresproducefeaturesets,which become
easilyintractable.To keepthenumberof featuresat manageablelevels,we thenproposea generalpur-
posefeaturegenerationalgorithmwhich integratesfeatureconstructionandselectionin orderto produce
meaningfulfeatures.

4.1 FeatureTypesand Construction Procedures

The featuretypesthatwe considercapturecompositionalandpositionalpropertiesof sequences.These
applyto sequencedatain generalandthesplice-sitesequencepredictionproblemin particular. For each
featuretype we describean incrementalfeatureconstructionprocedure.The featureconstructionstarts
with an initial setof featuresandproducesthe constructedsetof features.Incrementally, during each
iteration,it producesricher, morecomplex featuresfor eachlevel of theoutputfeatureset.

3 http://www.ncbi.nlm.nih.gov/RefSeq/
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Compositionalfeatures A k-meris a stringof k-characters.We considerthegeneralk-mercomposition
of sequencesfor k values2; 3; 4; 5 and6. Giventhealphabetfor DNA sequences,f a; c;g; tg, thenumber
of distinctfeaturesis 4k for eachvalueof k. Thereis atotalof 5; 456featuresfor thek valuesweconsider.

ConstructionMethod.Thisconstructionmethodstartswith aninitial setof k-merfeaturesandextends
them to a set of (k + 1)-mersby appendingthe lettersof the alphabetto eachk-mer feature.As an
example,supposean initial setof 2-mersF initial = f ac;cgg. We constructtheextendedsetof 3-mers
Fconstr ucted = f aca;acc;acg; act; cga; cgc;cgg; cgtg. Incrementally, in this mannerwe canconstruct
levels4; 5 and6.

Region-speci�ccompositionalfeaturesSplice-sitesequencescharacteristicallyhaveacodingregionand
a non-codingregion.For theacceptorsplice-sitesequences,theregion of thesequenceon theleft of the
splice-siteposition(upstream)is thenon-codingregion, andtheregion of thesequencefrom thesplice-
sitepositionto theendof sequence(downstream)is thecodingregion. It is expectedthat theseregions
exhibit differentcompositionalproperties.In orderto capturethesedifferenceswe useregion-speci�ck-
mers. Herewealsoconsiderk-merfeaturesfor k values2; 3; 4; 5 and6. Thusthetotalnumberof features
is 10; 912.

ConstructionMethod. Theconstructionprocedureof upstreamanddownstreamk-merfeaturesis the
sameasthegeneralk-mermethod,with theadditionof region indication.

Positional features Position-speci�cnucleotidesarethemostcommonfeaturesusedfor �nding signals
in the DNA streamdata[14–16]. Thesefeaturescapturethe correlationbetweendifferentnucleotides
andtheir relativepositions.Oursequenceshavea lengthof 160nucleotides,thereforeour basicposition-
speci�c featuresetcontains640features.

In addition,we want to capturethe correlationsthat exist betweendifferentnucleotidesin different
positionsin thesequence.Severalstudieshaveproposedposition-speci�ck-mers, but this featurecaptures
only thecorrelationsamongnearbypositions.Hereweproposeaconjunctiveposition-speci�cfeature. We
constructthesecomplex featuresfromconjunctionsof basicposition-speci�cfeatures.Thedimensionality
of this kind of featureis inherentlyhigh.

ConstructionMethod. We startwith aninitial conjunctionof basicfeaturesandaddanotherconjunct
basic featurein an unconstrainedposition. Let our basicset be Fbasic = f a1; c1; :::; gn ; tn g, where,
for example,a1 denotesnucleotidea at the �rst sequenceposition.Now, if our initial setis F initial =
f a1; g1g, we canextendit to thelevel 2 setof position-speci�cbasecombinationsFconstr ucted = f a1 ^
a2; a1 ^ c2; :::; g2 ^ tn g. Incrementally, in this mannerwe canconstructhigherlevels.For eachiteration,

if thenumberof conjunctsis k wehavea total of
�

n
k

�
� 4k suchfeaturesfor asequenceof lengthn.

4.2 FeatureSelection

Featureselectionmethodsreducethe setof featuresby keepingonly the useful featuresfor the taskat
hand.The problemof selectinguseful featureshasbeenthe focusof extensive researchandmany ap-
proacheshavebeenproposed[1–3,5,17]. In ourexperimentsweconsiderseveralfeatureselectionmeth-
odsto reducethe sizeof our featuresets,including InformationGain (IG), Chi-Square (CHI), Mutual
Information(MI) [18] and KL-distance(KL) [2]. Dueto spacelimitations,in theexperimentssection,we
presentthecombinationthatproducedthebestresults.We usedMutual Informationto selectcomposi-
tional featuresandInformationGainto selectpositionalfeaturesduringour featuregenerationstep.

4.3 FeatureGenerationAlgorithm (FGA)

Thetraditionalfeatureselectionapproachesconsidera singlebruteforceselectionover a largesetof all
featuresof all differenttypes.Weemphasizeatype-orientedfeatureselectionapproach.Thetype-oriented
approachintroducesthepossibilityof employing differentfeatureselectionmodelsfor eachtypeset;i.e.
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for a featuresetwhosedimensionalityis not toohighwemayuseawrapperapproach[1] in theselection
step,while for a largefeaturetypesetwe mayuse�lter approaches[3]. Also, in this mannerfeaturesof
differenttypescanbegeneratedin aparallelfashion.In orderto employ theinformationembeddedin the
selectedfeaturesfor sequenceprediction,we proposethefollowing algorithm:

– Feature Generation. The �rst stagegeneratesthe featuresetsfor eachfeaturetype. We startwith
severalde�ned featuretypes.For eachfeaturetype,we tightly coupletogethera featureconstruction
stepand a featureselectionstepand, iterating throughthesesteps,we generatericher and more
complex features.We specifya featureselectionmethodfor eachfeaturetypeandthus,duringeach
iteration,eliminateasubsetof featuresthatareobtainedfrom theconstructionmethod.Thesefeatures
areusuallyassigneda low selectionscoreandtheireliminationwill notaffect theperformanceof the
classi�cationalgorithm.

– Feature CollectionandSelection.In thenext stage,we collectall thegeneratedfeaturesof different
typesandapplyanotherselectionstep.Thisselectionstepis performedbecausefeaturesof aparticu-
lar typemaybemoreimportantfor thesequenceprediction.We produceasetof featuresoriginating
from differentfeaturetypesanddifferentselectionprocedures.

– Classi�cation.The laststageof our algorithmbuilds a classi�er over the re�ned setof featuresand
learnsa modelfor thegivendataset.

In additionto beingcomputationallytractable,this featuregenerationapproachhasotheradvantagessuch
asthe�e xibility to adaptwith respectto thefeaturetypeandthepossibilityto incorporatethemodulein
a genericlearningalgorithm.

5 Experimental Resultsfor SpliceSite Prediction

We conducteda wide rangeof experimentsto supportour claims,andherewe presenta summaryof
them.For our experiments,we considereda rangeof classi�ers.We presentresultsfor theclassi�er that
consistentlygavethebestresults,calledC-Modi�ed LeastSquares(CMLS) [19]. CMLS is awidemargin
classi�er relatedto SupportVectorMachines(SVM), but hasa smootherpenaltyfunction.This allows
thecalculationof gradientswhichcanprovidefasterconvergence.

5.1 PerformanceMeasures

We usethe11-pointaveragemeasure[20]to evaluatetheperformanceof ouralgorithm.To calculatethis
measure,werankthetestdatain decreasingorderof scores.Forathresholdt, thetestdatapointsabovethe
thresholdarethesequencesretrieved. Of these,thosethataretruepositives(TP) areconsideredrelevant.
Recallis theratio of relevantsequencesretrievedto all relevantsequences(includingthosemissed)and
precisionis the ratio of relevantsequencesretrieved to all retrievedsequences.For any recall ratio, we
calculatetheprecisionat thethresholdwhichachievesthatrecallratioandcomputetheaverageprecision.
The11-pointaverageprecision(11ptAVG) is theaverageof precisionsestimatedat the11 recall values
0%, 10%, 20%, ., 100%.At eachsuchrecall value,the precisionis estimatedas the highestprecision
occurringat any rankcutoff wheretherecallis at leastasgreatasthatvalue.

The measuresof sensitivity(Se)andspeci�city (Sp)commonlyusedby the computationalbiology
communitycorrespondrespectively to therecallandprecisionde�nitions. Anotherperformancemeasure

commonlyusedfor biologicaldatais the falsepositiverate(FPr)de�ned asF Pr =
�

F P
F P + T N

�
where

F P, andTN arethenumberof falsepositivesandtrue negativesrespectively. By varying thedecision
thresholdof the classi�er F P canbe computedfor all recall values.We alsopresentresultsusingthis
measure.

In all our experiments,theresultsreportedusethree-foldcross-validation.
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Accuracy Comparison for k-mer generation
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Fig.1: (a) 11ptAVG precision results of the different collection sets of k-mers with no selection (Sets of
f 2g,...,f 2,3,4,5,6g-mers) and50%of thefeaturesafterusingmutualinformationfor selection(Setsof selected50%)
(b) Comparisonbetweendifferentfeaturetypesetsperformances,upstreamk-mers,downstreamk-mers,andgeneral
k-mersshown in setsof f 2g,...,f 2,3,4,5,6g-mers.

5.2 Accuracy Resultsof FGA

In thefollowing experimentswe presenttheevaluationof four differentfeaturetypes,which carryposi-
tional andcompositionalinformation.As discussedin Section4.3 initially we evaluatethemseparately
andthenidentify thebestgroupof featuresfor eachtypebeforecombiningthem.

Compositionalfeaturesandsplice-siteprediction We examineeachk-merfeaturesetindependentlyfor
eachvalueof k. We usethewhole k-mersetto constructthenew (k + 1)-merset.In our experiments,
we foundtheMI selectionmethodworksbestfor compositionalfeatures.Figure1(a)showstheaccuracy
resultsfor thegeneralk-mer featuresaswe collect themthrougheachiteration.Note that reducingthe
numberof featuresin half haslittle effect on the overall performance.In Figure1(b) we highlight the
contribution of the region-speci�c k-mer featuresat eachiteration.It is clear that k-mer featurescarry
more informationwhenassociatedwith a speci�c region (upstreamor downstream)and this is shown
by the signi�cant increasein their 11ptAVG precisions.We combineupstreamanddownstreamk-mer
featuresandsummarizetheresultsin Figure2(b) alongwith theindividualperformancesof eachfeature
type.Thesefeaturesshow an11ptAVG precisionof 77:18%, ascomparedto 39:84% of generalk-mers.

Next, we collectthegeneratedcompositionalfeaturesin thefeature collectionandselectionstage of
ouralgorithm.Duringthisstep,wepick 2; 000compositionalfeaturesof differenttypeswithoutaffecting
the performanceof the classi�cation algorithm.From this �nal setwe observe that, in general,higher
level k-mersaremoreinformativefor splice-siteprediction.Furthermore,we �nd thatthegenerated�nal
k-merfeaturesetrevealsmore5-mersand6-mersoriginatingfrom thedownstream(coding)region.This
is to beexpectedsincethesefeaturescancapturethecompositionalpropertiesof thecodingregion.

Positional featuresand splice-siteprediction Position-speci�cnucleotides,which constituteour basic
featuresetFbasic , give a satisfactory11ptAvg precision,80:34%. This is includedin the graphin Fig-
ure 2(b). An initial observation of the conjunctive position-speci�c featuresrevealsthat, for pair-wise
combinations,we have over 200; 000uniquepairsandfor combinationsof triples this numberexceeds
40 million. Usingour featuregenerationalgorithm,we generatehigherlevelsof this featuretype,start-
ing with thebasicposition-speci�cnucleotidefeatures.For eachconjunctlevel we usetheconstruction
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Accuracy of Position Specific Features generated 
with FGA vs. Random
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Fig.2: a) 11ptAvg Precisionresultsfor thepositionspeci�c featuresetsgeneratedwith FGA algorithmvs randomly
generatedfeatures.b) Performanceresultsof theFGA methodfor differentfeaturetypesaswell astheGeneSplicer
program

methodto get thenext level of features.We usetheIG selectionmethodto selectthetop scoring1; 000
featuresandrepeatthegenerationto getthenext level usingtheselectedsetof featuresastheinitial set.
We explorefrom oneto four conjunctsdenotedas(P1; P2; P3; P4).

In Figure2(a),we show theperformancesof theconjunctive featuresetsP2; P3; andP4. For com-
parison,we introducea baselinemethod,which randomlypicks 1; 000 conjunctive featuresfrom each
level of two, threeandfour conjuncts.We randomlygenerate10 roundsof suchfeaturesetsfrom each
level andwe computethe averageperformancefor the level. We compareour featuregenerationalgo-
rithm againstthis randomgenerationbaseline.As we canseefrom the�gure, FGA outperformsrandom
selectionsigni�cantly.

In thefeature collectionandselectionstep, we combinetheFGA generatedfeaturesthatcarryposi-
tional information.Withoutany lossin 11ptAVG precisionweselectthetop3; 000featuresof thiscollec-
tion. The11ptAvg precisionthatthiscollectionsetgivesfor theacceptorsplice-sitepredictionis 82:67%
assummarizedin Figure2(b).Theseresultsclearlyshow thatusingmorecomplex position-speci�cfea-
turesis bene�cial. In particular, we observe thatpairsof position-speci�cbases,i.e. level 2 features,are
a very importantfeaturesetthat shouldbe exploited. Interestingly, typically they arenot consideredby
existing splice-sitepredictionalgorithms.Figure2(b) alsoshows theperformanceof GeneSpliceron the
samedataset.We seethatourpositionalfeaturescombinationperformsbetterthanGeneSplicer.

The�nal collectionand comparisonwith GeneSplicer In the following setof experiments,we show
theresultsafterwe collectthefeaturesof all typesthatwe havegenerated.We run our CMLS classi�ca-
tion algorithmwith a featuresetof size5; 000containinggeneralk-mers,upstream/downstreamk-mers,
position-speci�cnucleotidesandconjunctionsof position-speci�cfeatures.Weachievean11ptAVG pre-
cisionperformanceof 86:31%.Thiscomparesquitefavorablywith oneof theleadingprogramsin splice-
site prediction,GeneSplicer, which yields an accuracy of 81:89% on the samedataset.The precision
resultsat all individual recall points areshown in Figure3(a). As it can be seenfrom the �gure, our
precisionresultsareconsistentlyhigherthanthoseof GeneSpliceratall 11 recallpoints.For theseexper-
iments,in Figure3(b),we have includedtheresultsof repeatedselectionfor IG, MI, CHI andKL feature
selectionmethods.Sincethecollectionstageof our algorithmallows for several featureselectionsteps,
we exploremoreaggressive featureselectionoptionsandseethatsmallerfeaturesetsof even2; 000also
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Fig.3: (a) The precisionvaluesfor FGA andGeneSplicerat 11 recall points(b) 11ptAverageprecisionresultsfor
FGA varyingthefeaturesetsize,comparedto GeneSplicer

outperformGeneSplicer. Of these,weprefertheIG selectionmethodsinceit retainsthehighprecisionof
greaterthan86% andin suchproblemsof biologicalnatureahigherspeci�city is very important.

In orderto give furtherdetailson thedifferencebetweentheperformancesof the two programswe
presentthefalsepositiveratesfor varioussensitivity valuesin Figure4. Our featuregenerationalgorithm,
with its rich setof features,consistentlyperformsbetterthanGeneSplicer. Our falsepositive ratesare
favorably lower at all recall values.At a 95% sensitivity rate the F Pr decreasedfrom 6:2 to 4:3%.
This is a signi�cant reductionin falsepositive predictions.This canhave a greatimpactwhensplice-site
predictionis incorporatedinto agene-�ndingprogram.

6 Conclusions

We presenteda generalfeaturegenerationframework, which integratesfeatureconstructionandfeature
selectionin a �e xible manner. We showed how this methodcould be usedto build accuratesequence
classi�ers.We presentedexperimentalresultsfor theproblemof splice-siteprediction.We wereableto
searchover an extremely large spaceof featuresetseffectively, andwe wereable to identify the most
usefulsetof featuresof eachtype.By usingthis mix of featuretypes,andsearchingover combinations
of them,we wereable to build a classi�er which achievesan accuracy improvementof 4:4% over an
existingstate-of-the-artsplice-sitepredictionalgorithm.Thespeci�city valuesareconsistentlyhigherfor
all sensitivity thresholdsandthe falsepositive ratehasfavorably decreased.In futurework, we plan to
applyourfeaturegenerationalgorithmto morecomplex featuretypesandothersequencepredictiontasks,
suchastranslationstartsiteprediction.
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