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Abstract. In this paperwe presenta new approachto featureselectionfor se-
quencedata.We identify generalfeaturecategoriesandgive constructionalgo-
rithms for eachof them.We show how they canbe integratedin a systemthat
tightly couplesfeatureconstructionandfeatureselection.Thisintegratedprocess,
whichwereferto asfeaturegeneration, allowsusto systematicallysearchalarge
spaceof potentialfeatures.Wedemonstratetheeffectivenessof ourapproachfor
an importantcomponentof thegene�nding problem,splice-siteprediction.We
show thatpredictive modelsbuilt usingour featuregenerationalgorithmachieve
a signi�cant improvementin accuracy over existing,state-of-the-artapproaches.

1 Intr oduction

Many real-world dataminingproblemsinvolvedatabestrepresentedassequences.Se-
quencedatacomesin many formsincluding:1) humancommunicationsuchasspeech,
handwritingandlanguage,2) time sequencesandsensorreadingssuchasstockmarket
prices,temperaturereadingsandweb-click streamsand3) biological sequencessuch
asDNA, RNA andprotein.Sequencedatain all domainscontainsuseful'signals',fea-
tures,thatenablethecorrectconstructionof classi�cationalgorithms.

Extractingand interpretingthe featuresis known to be a hardproblem.In many
casesa bruteforceapproachis taken, in which thesequenceclassi�cationmodelsare
providedwith a hugenumberof featuresin thehopethattheimportantfeaturesarenot
overlooked.The largenumberof featuresintroducesa dimensionalityproblemwhich
hasseveraldisadvantages.First, enumeratingall possiblefeaturesis impractical.Sec-
ond,many featuresare irrelevant to the classi�cation taskandhave an adverseeffect
on accuracy. And third, knowledgediscovery becomesdif�cult becauseof the large
numberof parametersinvolved.

Thefocusof thispaperis onascalablemethodfor featuregenerationfor sequences.
We presentanalgorithmthatexploresthespaceof possiblefeaturesandidenti�es the
mostusefulones.Our focusedfeaturegenerationalgorithm (FGA) integratesfeature
constructionandfeatureselectionin a systematicway. Ourmethodis scalablebecause
it incrementallygeneratesmorecomplex featuresfrom currentlyselectedones.

We validateour methodon the task of splice-siteprediction for pre-mRNA se-
quences.Splicesitesarethe locationsin theDNA sequence,which areboundariesfor
proteincodingandnon-codingregions.Accuratelocationof splicesitesis an impor-
tantcomponentin thegene�nding problems.It is a particularlydif�cult problemsince
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thesequencecharacteristics,i.e. pre-mRNA sequencelength,codingsequencelength,
numberof exonsandtheir lengths,andinterruptingintronsequencelengthsdonot fol-
low any known pattern,makingit hardto locatethegenes.

We demonstratetheeffectivenessof our approachby comparingit with a state-of-
the-artmethod,GeneSplicer. Our predictive modelsshow signi�cant improvementin
accuracy. Our �nal featureset,achievesa 6:3% improvementin the 11-point average
precisionwhen comparedto GeneSplicer. At the 95% sensitivity level, our method
yields a 10% improvementin speci�city. Our contribution is two-fold. First, we give
a generalfeaturegenerationframework appropriatefor any sequencedataproblem.
Second,we providenew resultsandidentify a setof featuresfor splice-siteprediction
thatshouldbeof greatinterestto thegene-�ndingcommunity.

2 RelatedWork

Featureselectiontechniqueshave beenstudiedextensively in text categorization[1–5].
Recentlythey have begunreceiving moreattentionfor applicationsto biologicaldata.
A goodintroductionfor �ltering methodsin thepredictionof translationinitiation sites
is given in [6]. Variousfeatureselectiontechniquesfor predictionof splicesiteshave
beenstudiedin [7–9].And in [10], SpliceMachineis describedwith compellingresults.
In addition,thereis a signi�cant amountof work on splice-siteprediction.Oneof the
mostwell-known approachesis GeneSplicerproposedby Perteaetal [11].

3 Data Description

We validateour methodson a datasetwhich contains4; 000 RefSeq3 pre-mRNA se-
quences.In apre-mRNA sequence,ahumangeneis aproteincodingsequencewhichis
characteristicallyinterruptedby non-codingregions,calledintrons.Thecodingregions
are referredto asexons.The acceptorsplicesite marksthe start of an exon andthe
donorsplicesitemarkstheendof anexon.All thepre-mRNA sequencesin ourdataset
follow theAG consensusfor acceptorsandGT consensusfor donors.

We focus on the predictionof acceptorsplice siteswhich is consideredto be a
harderproblem.Following the GeneSplicerformat, we mark the splicesite and take
a subsequenceconsistingof 80 nucleotidesupstreamfrom thesiteand80 nucleotides
downstream.We constructnegative examplesby choosingrandomAG-pair locations
that arenot acceptorsitesandselectingsubsequencesaswe do for the true acceptor
sites.Ourdatacontains20,996positive instancesand200,000negative instances.

4 Feature Generation

The featuretypesthatwe considercapturecompositionalandpositionalpropertiesof
sequences.Theseapply to any sequencedatade�ned over some�x ed alphabet.For
eachfeaturetypewe describean incrementalfeatureconstructionprocedure.Thefea-
tureconstructionstartswith an initial setof featuresandproducesanexpandedsetof
features.Incrementally, it producesricher, morecomplex featuresfor eachiteration.

3 http://www.ncbi.nlm.nih.gov/RefSeq/
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4.1 FeatureTypesand Construction Procedures

CompositionalfeaturesA general k-meris astringof k-characters.Thisfeaturetypeis
usefulfor capturinginformationlikecodingpotentialandcompositionin thesequence.
ConstructionMethod. Givenaninitial setof k-merfeatures,this constructionmethod
expandsthemto a setof (k + 1)-mersby appendingthelettersof thealphabetto each
k-merfeature.

Region-speci�ccompositionalfeatures Splice-sitesequencescharacteristicallyhave
a codingregion anda non-codingregion. For the acceptorsplice-sitesequences,the
region of the sequenceon the left of the splice-siteposition (upstream)is the non-
codingregion,andtheregionof thesequencefrom thesplice-sitepositionto theendof
sequence(downstream)is thecodingregion.Theseregionsmayexhibit distinctcompo-
sitionalproperties.In orderto capturethesedifferenceswe useregion-speci�ck-mers.
ConstructionMethod. Theconstructionprocedureof upstreamanddownstreamk-mer
featuresis thesameasthegeneralk-mermethod,with theadditionof region indicator.

Positional features Position-speci�cnucleotidesarethemostcommonfeaturesused
for �nding signalsin theDNA streamdata[12]. Thesefeaturescapturethecorrelation
betweendifferentnucleotidesandtheir relative positions.Thepositionspeci�c k-mers
capturethe correlationsbetweenk-adjacentnucleotides.At eachpositioni in the se-
quencethesefeaturesrepresentthesubstringappearingat positionsi; i + 1; ::; i + k.
ConstructionMethod. This constructionmethodstartswith an initial setof position-
speci�c k-mer featuresandextendsthemto a setof position-speci�c(k + 1)-mersby
appendingthelettersof thealphabetto eachposition-speci�ck-merfeature.

ConjunctivepositionalfeaturesTocapturethecorrelationsbetweendifferentnucleotides
in nonconsecutive positionsin thesequence,we proposeconjunctiveposition-speci�c
features. We constructthesecomplex featuresfrom conjunctionsof basicposition-
speci�c features.Thedimensionalityof this kind of featureis inherentlyhigh.
ConstructionMethod. Given an initial set of k-conjuncts,this constructionmethod
selectsfrom the setof basicposition-speci�c featuresto addanotherconjunctin an
unconstrainedposition,thereforeconstructingthesetof (k + 1)-conjuncts.

4.2 FeatureSelection

Featureselectionmethodsreducethesetof featuresby keepingonly theusefulfeatures
for the task at hand.The problemof selectinguseful featureshasbeenthe focusof
extensiveresearchandmany approacheshavebeenproposed[1–5].

In ourexperimentsweconsiderseveralfeatureselectionmethodsto reducethesize
of our featuresets.We useseveral �lter approachesincluding InformationGain (IG),
Chi-Square (CHI), Mutual Information(MI), KL-distance(KL) for initial pruningof
featuretypessetsduring thegenerationstage.Due to spacelimitations, in theexperi-
mentssection,we presentthecombinationthatproducedthebestresults.In our data,
we foundthatmutualinformationperformedbestfor selectingcompositionalfeatures,
chi-squaredfor positionalfeaturesand information gain for conjunctive features.At
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the �nal collectionstep,we combinethis with an embeddedmethodbasedon recur-
sive featureelimination[9] usedin our �nal featurecollectionstage.The weightswi

of thedecisionboundaryof a linearSVM canbeusedasfeatureweightsto derive fea-
ture ranking.We usethe C-Modi�ed LeastSquares(CMLS) classi�er [13] andrefer
to this methodasW-CMLS. We recursively train theclassi�er andremove low scoring
features.

4.3 FeatureGenerationAlgorithm (FGA)

Thetraditionalfeatureselectionapproachesconsiderasinglebruteforceselectionover
alargesetof all featuresof all differenttypes.By categorizingthefeaturesinto different
featuretypeswe canapplyappropriateconstructionandselectionmethodssuitableto
the different types.Thuswe canextract relevant featuresfrom eachfeaturetype set
moreef�ciently thanif asingeselectionmethodhadbeenappliedto thewholeset.We
usethefollowing algorithm:

– FeatureGeneration.The�rst stagegeneratesfeaturesetsfor eachfeaturetype.For
eachde�ned featuretype,wetightly couplethecorrespondingfeatureconstruction
stepwith aspeci�edfeatureselectionstep.We iteratethroughthesestepsto gener-
atericherandmorecomplex features.During eachiteration,we eliminatefeatures
thatareassigneda low selectionscoreby thefeatureselectionmethod.

– Feature CollectionandSelection.In thenext stage,we collect the featuresof dif-
ferenttypesandapplyanotherselectionstep.

– Classi�cation.The laststageof our algorithmbuilds a classi�er over the �nal set
of features.

For this typeof problemit is notunusualto spenda lot of computationalresources,
especiallyin the training phase.While featuregenerationremainsa computationally
intensive process,theorganizationof thegenerationprocessaccordingto thedifferent
typesallowsusto searchamuchlargerspaceef�ciently . For thetimecomplexity of the
classi�cationalgorithm,we useCMLS which is very ef�cient. In addition,this feature
generationapproachhasotheradvantagessuchasthe �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 varietyof classi�ers,andherewe
presenta summaryof them.We presentresultsfor theclassi�er thatconsistentlygave
thebestresults,CMLS.

We usethe11-pointaverage(11ptAvg) [14] to evaluatetheperformanceof our al-
gorithm.For any recallratio,wecalculatetheprecisionat thethresholdwhichachieves
thatrecallratio andcomputetheaverageprecision.The11ptAvg is theaverageof pre-
cisionsestimatedat recallvalues0%,10%,20%,., 100%.Theability of our algorithm
to discriminatetrue acceptorsite sequencesfrom normalsequencesis evaluatedalso
using Receiver OperatingCharacteristic(ROC) curve analysisAnother performance
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Fig.1: (a)Comparisonbetweendifferentfeaturetypesetsperformances,upstreamk-mers,down-
streamk-mers,andgeneralk-mersshown for differentk (b)11ptAvg precisionresultsfor FGA
varying the featureset size of position-speci�ccollection of k-mersthroughdifferent feature
selectionmethods

measurecommonlyusedfor biological datais the falsepositiverate(FPr) de�ned as

F Pr =
�

F P
F P + T N

�
whereF P, andTN are the numberof falsepositivesand true

negativesrespectively. F Pr canbe computedfor all recall valuesby varying the de-
cisionthresholdof theclassi�er. We alsopresentresultsusingthis measure.In all our
experiments,theresultsreportedusethree-foldcross-validation.

5.1 Accuracy Resultsof FGA

We begin with a brief evaluationof theeffectivenessof thedifferentfeaturetypesused
in isolation.

Compositionalfeaturesandregion-speci�ccompositionalfeatures Weexamineeach
k-merfeaturesetindependentlyfor eachvalueof k from 2 to 6. Figure1(a)shows the
accuracy resultsfor theregion-speci�ck-mersandthegeneralk-merfeaturesetsaswe
collectthemaftereachiteration.In our experiments,MI selectionmethodworkedbest
for compositionalfeatures.Wenoticethatk-merfeaturescarrymoreinformationwhen
they areassociatedwith a speci�c region (upstreamor downstream)andthis is shown
by thesigni�cant increasein their 11ptAvg precisions.

Positional features Next, we examineeachposition-speci�ck-mer featureset inde-
pendently. We explorek-valuesfrom 1 to 6. Thepredictionresultsfor this featuretype
(datanotshown) aftereachgenerationstepgraduallyincreaseuntil level 3, thengradu-
ally drop.Thiscanbeexplainedwith theexponentialincreasein thenumberof features
after eachlevel. In Figure 1(b), we usefeatureselectionto have a mix of position-
speci�c k-mersfor k valuesfrom 1 to 3. This tableshows resultsof repeatedselection
for IG, MI, CHI andKL featureselectionmethods.Of these,CHI retainsthe highest
precisionamongthe four methods.Our paired-ttestsfor statisticalsigni�cancereveal
thatthesevaluesalthoughsimilararestatisticallysigni�cant.
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Accuracy of Position Specific Features generated 
with FGA vs. Random
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Fig.2: a) 11ptAvg resultsfor the position speci�c featuresetsgeneratedwith FGA algorithm
vs randomlygeneratedfeatures.b) Performanceresultsof theFGA methodfor differentfeature
typesaswell astheGeneSplicerprogram

Conjunctive positional features Finally, we examineconjunctivepositionalfeatures.
The numberof thesefeaturesgrows exponentiallyandit is clearly very cumbersome
to test for relevancemore than 40 million uniquecombinationsof triple conjuncts.
We exploresetsof 2 to 4 conjunctsdenotedas(P2; P3; P4). We usetheIG selection
methodto selectthetopscoring1; 000featuresandrepeatthegenerationontheselected
setto get thenext level. In Figure2(a),we show theperformancesof theconjunctive
featuresets.For comparison,we introducea baselinemethod,which is theaverageof
10 trials of randomlypicking1; 000conjunctivefeaturesfrom eachlevel.

Summary Next, we comparecollectionsof differentlevelsof the featuresetsof dif-
ferenttypes.Theresultsaresummarizedin Figure2(b).

Compositional featuresand region-speci�c compositional featuresThe �rst two
barsshow the resultsfor the best2; 000 k-mer featuresfor k rangingfrom 2 to
6. Generalk-mersresult in an 11ptAvg of only 39:84%, while the result of the
combinedupstreamanddownstreamk-merfeaturesis 77:18%.

Position-speci�c k-mers The third bar shows the resultsfor position speci�c nu-
cleotidesandthe next bar shows 5; 000 position-speci�ck-mer featuresselected
usingtheCHI selectionmethodfor k rangingfrom 1 to 3. The11ptAvg precision
is 85:94%.

Conjunctive positional featuresThe next bar shows the resultsfor a collectionof
3; 000 conjunctive positional featuresfor k ranging from 1 to 4 selectedusing
IG. The11ptAVG precisionthat this collectionsetgivesis 82:67%. Theseresults
clearly show that usingcomplex position-speci�c featuresis bene�cial. Interest-
ingly, thesefeaturestypically arenot consideredby existing splice-siteprediction
algorithms.

Figure2(b) alsoshows the performanceof GeneSpliceron the samedataset.We see
that even in isolation,our positionalfeaturesandour conjunctive positionalfeatures
performbetterthanGeneSplicer. Theseresultsarealsostatisticallysigni�cant.
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Fig.3: (a) 11ptAvg precisionresultsfor FGA varying the featuresetsize,comparedto GeneS-
plicer (b) The falsepositive rateresultsfor FGA varying thesensitivity threshold,comparedto
GeneSplicer

Resultsusingthe full feature-typecollection In the following setof experiments,we
show the resultsafter we collect all the featuresthat we have generated.We run our
CMLS classi�cationalgorithmwith a total featuresetof size10; 000containinggen-
eral k-mers,upstream/downstreamk-mers,position-speci�ck-mersand conjunctive
position-speci�cfeatures.We achieve an 11ptAvg precisionperformanceof 88:20%.
This comparesquite favorablywith oneof the leadingprogramsin splice-sitepredic-
tion, GeneSplicer, whichyieldsanaccuracy of 81:89% on thesamedataset.Thepreci-
sionresultsat all individual recallpoints(datanot shown) areconsistentlyhigherthan
thoseof GeneSplicer. In Figure3(a)we exploremoreaggressive featureselectionop-
tions andseethat smallerfeaturesetsof even 2; 000alsooutperformGeneSplicer. In
theseexperimentsit is themoreexpensive W-CMLS selectionmethodthat we usein
orderto selecta smallerworking featureset.

We presentthefalsepositive ratesfor variousrecallvaluesin Figure3(b).Our fea-
turegenerationalgorithm,with its rich setof features,consistentlyperformsbetterthan
GeneSplicer. Our falsepositive ratesarefavorably lower at all recallvalues.At a 95%
sensitivity ratetheF Pr decreasedfrom 6:2 to 4:3%. Thissigni�cant reductionin false
positivepredictionscanhavea greatimpactwhensplice-sitepredictionis incorporated
into a gene-�nding program.It shouldalso be notedthat thereis no signi�cant dif-
ferencein therunningtime of FGA comparedto GeneSplicer. FGA performsa linear
search(in termsof sequencelength)alongthegivensequencein searchfor highscoring
sites.

6 Conclusions

Wepresentedageneralfeaturegenerationframeworkwhichintegratesfeatureconstruc-
tion andfeatureselectionin a�e xible manner. Weshowedhow thismethodcanbeused
to build accuratesequenceclassi�ers.We presentedexperimentalresultsfor theprob-
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lem of splice-siteprediction.We wereableto searchover anextremelylargespaceof
featuresetseffectively, andwe wereableto identify themostusefulsetof featuresof
eachtype.By usingthismix of featuretypes,andsearchingovercombinationsof them,
we wereable to build a classi�er which achievesan accuracy improvementof 6:3%
over anexisting state-of-the-artsplice-sitepredictionalgorithm.Thespeci�city values
areconsistentlyhigherfor all sensitivity thresholdsandthe falsepositive ratehasfa-
vorably decreased.In future work, we plan to apply our featuregenerationalgorithm
to morecomplex featuretypesandothersequencepredictiontasks,suchastranslation
startsiteprediction.
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