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Abstract— RNA moleculesare distinguished by their sequence
composition and by their three-dimensional shape, called the
secondary structure. The secondary structure of a pre-mRNA
sequencemay have a strong in uence on gene splicing. In our
previous work, we showved that a splice-site model employing
sequencefeatures built using our feature generation algorithm
was very effective in predicting splice sites. The generated
sequencefeatures also contained biologically relevant features.
In this paper, we extend the feature generation algorithm to
construct secondary-structure features. These features capture
the nucleotide pairing tendencyin the splice-site neighborhood.
We extend the splice-site model to include both pre-mRNA se-
guenceand structur e characteristics. The new model signi cantly
outperforms the sequence-basedeatures model. The identi ed
secondary-structure featurescapture biologically relevant signals
such as splicing silencers.We also found thesesignalsto prefer
speci ¢ regionsaround the splice-siteneighborhood and we detail
their preference.

|. INTRODUCTION

The three-dimensionadhapeof proteinsor nucleicacid se-
guencess calledsecondarystructue. The secondanstructure
of RNA moleculeds de ned by the pairingsof the nucleotides
along the sequenceRNA secondary-structureharacteristics
are importantin biology, becauseRNA sequencegold into
structureghat are critical to their biological functions.More-
over, RNA secondary-structurpropertiesmay help identify
subsequenced nucleotideghatinteractwith othermolecules
or complexes.

Humangenes— andthe geneof every eukaryoticorganism
— are composedof contiguouscoding regionsin the DNA
sequenceThe coding regions, exons are separatedy non-
coding regions,introns During the transcriptionprocessthe
messengeRNA copiesthe portion of the DNA that contains
a gene (pre-mRMN). After transcription,during the splicing
process,the non-codingregions are excised from the pre-
mRNA sequenceAll the coding pieces, then, are ligated
togetherinto the nal gene product (mMRNA), readyto be
translatedinto protein. The bordersof the introns are called
splice sites the start of an intron is called the donor splice
site andthe endof anintron is calledthe acceptorsplicesite
Splicing takesplacein several stageq1]. Therearea number
of proteinsthat recognizethe splice-sitelocationsandbind to
the sequencédacilitating the intron excision.
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Splice-sitepredictionis the task of recognizingthe actual
boundarie®f the protein-codingegionsin the DNA sequence.
Accuratesplice-sitepredictionis a critical componenbf gene
prediction. Gene prediction from DNA sequencedatais an
importantgoal in bioinformatics,not only to provide fastand
reliableannotatiorof the large quantity of sequencedata,but
also to provide valuablebiological insights. In our previous
work, [2], [3], we developeda splice-siteprediction model
achieving signi cant accurag improvementsover existing
methods.We also shaved that the featuresgeneratedusing
our algorithmcorrespondo biologically signi cant functional
elementdq4], [5].

In our splice-sitepredictionmodel,we have considerednly
sequence-basddatures However, the splicing processs not
a merelinear processin fact, the correctidenti cation of the
splicing bordersactually involvesa large numberof proteins.
The afnity of sequencenucleotidesto form pairing bonds
may guide theseproteinsto their binding sites, thus having
animportanteffectin the splicing processTo investigatethis,
we usean RNA secondary-structurpredictionalgorithm [6]
to fold the training sequencesdnto their secondary-structure
form. Using the secondary-structursequenceswe extend
our feature generationalgorithm to generatestructure-based
features.Thesenovel featurescapturethe pairing tendeng
of the position-speci c subsequenceis splice-siteneighbor
hood. The combinedsplice-sitemodel of both sequenceand
structure-basedeaturesimproves splice-site prediction. The
secondary-structurieaturesalso captureimportantbiological
properties.

The possibility of extracting usefulinformationfrom RNA
secondarystructurefor splice-site prediction was proposed
by Pattersonet al. in [7]. Their splice-siteprediction model
combined a sequence-basedplice-site predictor score and
a few structure-basednetrics, such as the optimal folding
enegy scorethe max-helixscore,anda second-ordeMarkov
model to capturethe pairing prole of a folded sequence.
They suggestedhat there are structuralcuesthat should be
exploited by gene- nding algorithms. Our approachdiffers
from [7] in that we searchedhe spaceof possibleposition-
speci ¢ nucleotidepairingsin orderto nd specic features
that improved splice-siteprediction. We also offer biological



interpretationfor the identi ed features.Our recent work
demonstratedthat our sequence-basedplice-site predictor
achieredmuchbetterresultsthanthe WAM model,whichwas
usedasthe sequence-basequtedictorin their work.

We describeour datain Sectionll and the generationof
structure-basedeatures,using our feature generationalgo-
rithm, in Sectionlll. Sectionlll also summarizeshe de -
nitions of the sequence-basedeaturesusedin the splice-site
prediction model. We provide a detailed descriptionof our
experimentsusingthe novel featuresjn SectionlV. Next, we
discussour ndings and the possiblebiological relevanceof
the new features.

Il. DATA CHARACTERISTICS

The datasetusedfor feature generationwas a collection
of -nucleotide-longtraining sequencescenteredat the
splice site. Both upstreamand downstreamregions were
nucleotideslong and the sequencelphabetwas A,C,G,T .
The acceptorsite training data contained 20,996 positive
instancesand 200,000 negative instances,and the donor
site training data contained 20,761 true positive instances
and 200,000 negative instances.We used these sequences
to generatesequence-base@atures.For secondarystructure
characteristicsywe needthe three-dimensionashape We used
the RNA secondary-structurpredictionalgorithm, Afold [6],
to fold all the training sequenceito their three-dimensional
form. Afold wasmodi ed sothatgiventhetraining sequences
asinput, the resultwas a new setof sequencethat, for each
nucleotide denotedwhetherit participatedin paringbondsin

task.Startingwith aninitial featureset, FGA iteratively callsa
featureconstructiormethodto expandthe currentfeatureset,
anda featureselectionmethodto reducethe featuresetsizeto
manageabldevels. After a speci ed numberof iterations,the
algorithm producesan output featureset. Thosefeaturesare,
in turn, usedby a classi cationalgorithmfor the classi cation
task.Theclassi er thatconsistentlygave the bestperformance
for our datawas CMLS [8]. We usedthe -point average
precision(11ptAvg Precision)to evaluatethe performanceof
our algorithm.For ary recallratio, we calculatedhe precision
at the thresholdthat achievedthatrecall ratio. The 11ptAvg is
the averageof precisionsestimatedat the recall valuesof %,
%, %,..., %.

A. Feature Constructionfor Splice-siteprediction

The rst stageof the featuregeneratioralgorithmgenerates
feature sets useful for splice-site prediction. Initially, we
de ne the basic elementsto constructfeatures.In the case
of pre-mRMN\ sequencesye usethe nucleotidealphabetand
sequencédengthto constructsequence-basddatures.

1) Feature Construction for Sequences:We considered
several featuretypesthat capturecompositionalandpositional
propertiesof sequencesgenerll -mer upsteam/downsgam

-mer position-speci ¢ -mer and conjunctivepositionalfea-
tures. We have describedthesefeaturesand their individual
constructionrmethodsin [3]. Herewe extend our algorithmto
capturethe secondary-structureharacteristicof the splice-
site sequence.

2) Featue Construction for Secondary-Structer Se-

the secondanform. Thoseconstitutecthe secondary-structure quences: We de ne a novel feature type that capturesthe

sequences.

We wantedto understandf splicing was affected by the
pairing tendeng of the nucleotidesn the closeneighborhood
of the splice site. To answerthat question,we plotted the
fraction of positive sequencedaving a paired -nucleotide
subsequencd -mer) for each position of its length and
comparedt with that of the negative sequencesThoseplots
are shovn in Figures1 and 2. We were surprisedto see
that for acceptorsplice-sitesequenceghe positive sequences
shaved a highertendeng to have paired -mer sequence
the upstreamregion, with a clear peak of pairing tendeng
just before the actual splice-siteposition. The donor splice-
site sequencexn the other hand,shoved a tendeng toward
reduced -mer pairingsin the upstreamregion and a higher
tendeng for pairing in the downstreamregion.

Theseobsenations are of interestbecausethey are con-
sistentwith the actual splicing scenariothat takes place in
living cells. These ndings encouragedis to investigatethe
possibleimpact of secondary-structurieatureson splice-site
prediction.

I11. FEATURE GENERATION FOR SPLICE-SITE PREDICTION
This section describesour feature generationalgorithm

(FGA) [2], [3]- FGA usesdomainknowledgeand dataprop-
ertiesto constructand selectusefulfeaturesfor the prediction

structurecharacteristicof the RNA sequenceshe position-
speci c paired -mers. A position-speci c paired -meris a
stringof nucleotideghat,in the outputsequencef the RNA
secondary-structur@lgorithm, is predictedto form pairing
bonds with other nucleotidesin the sequence.To identify
possiblebinding motifs for the proteinsthat affect splicing,
we employ our featuregeneratioralgorithmto identify useful
position-speci cpaired -mer features.
ConstructionMethod: This constructionmethod starts with
an initial set of position-speci c paired -mer featuresand
expandsthem to a set of position-speci ¢ paired -
mers by appendingthe letters of the alphabetto eachfea-
ture. As an example,assume is . This set
containsone feature,the -mer “AACC” startingat the rst
sequenceosition. Eachnucleotideof this featurewas paired
in the secondanystructure.Now, we canextendit to the next
level set of position-speci c paired -mers,

. In that man-
ner, we incrementallyconstructhigherlevels.

B. Feature Selectionfor ConstructedFeatures

To reducethe size of our constructedfeature sets, we
considereddifferent feature selection methods. Information
Gain (IG) measureghe numberof bits of informationobtained
for categyory predictionby knowing the presenceor absence
of a feature.Chi-Squae (CHI) statisticmeasureghe lack of



Fig. 1. Position-speci cpairedfeaturesoundin true acceptossite sequence§positive) vs. non-acceptesite sequencefegative). The acceptorsite consensus
“AG” is at positions[80,81] in the sequenceThe upstreamregion, the sequenceegion to the left of the splice site, indicatedpairing afnity in the true
sequences.

Fig. 2. Position-speci cpaired featuresfound in true donorsite sequencess. non-donossite sequencesThe donorsite consensusGT” is at positions
[80,81]in the sequenceThe upstreanregion shavs a lower pairing af nity comparedo the dowvnstreanmregion, the sequenceegion to the right of the splice
site. A smallerfraction of pairingswas obsered in true sequences;omparedo negative sequencef the upstreanregion.



independencéetweenfeature andthe categgory . Mutual
Information (MI) is a criterion commonlyusedin statistical
languagemodeling of word associationsThe de nitions of
thesevalues are the sameas those presentedby Yang and
Pederserin [9]. The other ltering methodthat we use, KL-
distance(KL) criterion, measureshe divergencebetweenthe
distribution of featurespresentin a training sequencendthe
catgyoriesthatsequencenay belongto. KL de nition is given
by Schneideiin [10].

For eachinitial feature set, we iterate betweenthe con-
structionfeaturemethodto obtainmorecomple featuresand
a feature selectionmethodto reducethe dimensionality of
the constructedset. We performthis processfor a prede ned
number of iterations. In this manner we generatedifferent
featuresets,eachusefulfor splice-siteprediction.

Recusive Featuie Elimination
After we generatethe individual feature sets separatelywe
collect all featuresinto a mixed set. Startingwith the mixed
set, we learn a prediction model using a classi er similar
to linear supportvector machines.The CMLS classi er [8]
producesa decisionboundarythat discriminatesbetweenthe
two different cateyories. Each featureis assigneda weight
during learning. Theseweightsde ne the decisionboundary
and can be usedfor ranking. Featureswith zero weights, or
weightsvery closeto zero, are assumedo not contribute to
theclassi cationtask[11], andarethereforeeliminated.In this
manney we learna new modeland eliminatea x ed number
of featuresafter eachiteration.

C. Splice-SitePrediction Model

Our generatedfeaturesare of two major feature types:
featurescapturingsequencepropertiesand featurescapturing
structure propertiesof the splice-site neighborhood.Using

this naturalseparationwe usea classi er to learn sequence-

and structure-featuresplice-sitepredictionmodels.Then,we
de ne a nev modelfor the splice-siteprediction— a linear

combinationof the structure-featuremodelandthe sequence-

featuresmodel:

The structure-modedndsequence-modeif splice-sitepredic-
tion areusedto scorea held-outtraining-sequenceset. Then,
we use the classi er to learn the coefcients for the linear
combinationof the models.We give a detailedanalysisof all
the mentionedmethodsand their resultsfor the problem of
splice-siteprediction,in the next section.

IV. EXPERIMENTS AND DISCUSSION

To explore the splice-site prediction impact of the nu-
cleotidesshawing high pairing potential, we conductedthe
setsof experimentsdescribedn this section.All the reported
11ptAvg precisionvaluesare the results of three-fold cross
validations.

A. Position-speci cpaired -meis

Similar to our position-speci csequence-basedmer fea-
tures[3], we constructedll the position-speci ¢ -mersfor
valuesrangingfrom to . We scoredthe featuresusingthe
feature-selectioomethodsand usedthe top featuresto
predict both donor and acceptorsplice sites. The resultsare
shavn in Tablel.

We collected featuresfrom position-speci cpaired -
mer setsfor from to . To this set,we addedposition-
speci ¢ paired1-merfeatures(  for a nucleotidelong
sequence)We appliedrecursve featureelimination on those
setsof featuresasshownn in Tablesli(a) andli(b). Compared
with individual results of our sequence-basefatures,the
11ptAvg precisionperformanceof the position-speci cpaired

-merswasvery promising.It clearly shovedthat sucha fea-
ture carriedan importantamountof information,which could
possibly help to further understandhe splicing mechanism.
Also, when combinedwith a previously identi ed sequence-
basedfeaturesmodel, it might provide a model that could
substantiallyincreaseour ability to predict splice sites from
stretchesf un-annotatedRNAs.

B. Splice-siteprediction with sequenceand structure-based
featues

We selecteda set of featuresfrom the position-specic
paired -mers to combine with our previously identi ed
acceptorand donor sequence-featuresets [3]. The mixed
model for acceptossite prediction containeda collection of

sequencedeatures structure features.The mixed
modelfor donoksite predictioncontaineda collectionof
sequencdeaturesand structurefeatures.Thesemodels
producedthe following 11ptAvg precision results: %
for acceptorsplice sites and % for donor splice sites.
Although producinga low rate of false positives and rank-
ing well, thoseresultshave not producedbetter predictions,
comparedwith our sequence-basefitature model (see our
previously publishedwork for a comprehensie descriptionof
thoseresults).In fact, at this point, our sequence-basddature
modelshave producedhigher splice-siteprediction 11ptAvg
precisions: % for acceptorsplice-sitesand % for
donor splice sites.

To understandthe importanceof the secondary-structure
featuresfor splice-siteprediction,we conductedhe following
experiments. Starting with the whole set of sequenceand
structurefeatures,we applied recursve feature elimination,
eliminating featuresfor eachiteration. Tableslli(a) and
[li(b) shawv the splice-sitepredictionresultsfor both acceptor
anddonordatasetsn our experimentsln thosetableswe also
list the numberof featureshatdescribesequenceomposition
or structure characteristicsfor each mixed feature set. We
alsotrainedthe classi er andbuilt predictionmodelsfor each
separatesequenceand structure-featureset and reportedthe
individual 11ptAvg precisions.

From the results showvn in Table Il we made several
obsenations.First, the sequenceompositionwas of primary
importancein de ning a splice site. The 11ptAvg resultsof



TABLE |
FEATURE-GENERATION COMPARISON FOR POSITION-SPECIFICPAIRED -MER FEATURESFOR FROM TO FORACCEPTORAND DONOR SPLICE-SITE

PREDICTION. WE GIVE THE 11PTAVG PRECISION FOR EACH SET WHEN ALL THE FEATURES ARE USED AND WHEN TOP-

FEATURES ARE USED FOR

DIFFERENT SELECTION METHODS.

AcceptorSite Models

DonorSite Models

K-mer All IG KL Ml CHI K-mer All IG KL Ml CHI
1 61.79 - - - - 1 61.07 - - - -
2 64.46 62.11 61.84 46.62 62.13 2 66.08 61.88 61.78 44.29 61.92
3 59.82 55.05 - 43.46 54.96 3 - 5473 53.09 4791 54.61
4 51.04 4293 36.98 40.17 43.02 4 51.21 44.06 41.30 39.42 43.40
5 44,13 38.72 27.17 37.20 - 5 4529 4314 35.12 41.37 43.70
@ (b)
TABLE 1l

SPLICE-SITE PREDICTION RESULTS FOR POSITION-SPECIFIC PAIRED -MER FEATURES FOR DIFFERENT STAGES OF RECURSIVE FEATURE ELIMINATION

USING CMLS. WE START WITH
NUCLEOTIDESAND
FEATURES BY

FEATURES FOR (A) ACCEPTOR AND (B) DONOR, WHERE
ARE THE CHI-SELECTED FEATURESFOR VALUESFROM TO
AND REPORT THE 11PTAVG FOR SPLICE-SITE PREDICTION.

IS THE NUMBER OF POSITION-SPECIFIC PAIRED
. FOR EACH ITERATION WE REDUCE THE NUMBER OF

Nr of Features| 11ptA/g (Acceptor)
4648 66.81
4148 66.84
3648 66.91
3148 66.74
2648 66.33
2148 65.24
1648 64.39
1148 61.80
648 58.47

Nr of Features| 11ptA/g (Donor)
4648 69.77
4148 69.82
3648 69.17
3148 69.03
2648 68.55
2148 67.68
1648 65.81
1148 65.28
648 63.10

@

modelshbuilt only on sequenceeaturesconsistentlyshoved
high values.Secondspeci ¢ nucleotidepairingsof particular
locations could be the key to the discovery of important
binding sites. The 11ptAvg resultsof modelsbuilt only on
structurefeaturesveresereral ordersof magnitudehigherthan
random( %). And third, the secondary-structuri@formation
improves splice-site prediction,in addition to the sequence-
basedeaturesFor example,asshavn in Tablelll(a), whenthe

numberof featuresvasreducedo , theadditionof paired
position-speci cfeaturesncreasedhe 11ptAvg from %,
which was the result of sequence-base@aturesto %.

This resultwas statistically signi cant with alpha

C. New prediction modelwith sequenceand structure-based
information

The resultsin Tableslll(a) andllli(b) suggestedhatadding
the structure-basedeaturesin the large mix of featuresdoes
not producea visible differencein the splice-siteprediction
resultsInsteadjn orderto pro t from theinformationencoded
in the newly generatedeatureswe usedthe combinedmodel.
The combinedmodelinitially learnstwo different splice-site
models; one basedon the structurefeaturesand one based
on the sequenceones. To illustrate this, we selectedthe
featuresetof size in Tablelll. This setcontained
position-speci ¢ paired -mers (structurefeatures)and
general,upstream,downstreamand position-speci ¢ -mers
and conjunctve positional features(sequencdeatures).The
11ptAvg resultfor splice-sitepredictionof the structure-based
featuresmodelwas % andthe 11ptAvg of the sequence-
basedeatureamodelwas %. We learnedthe new splice-
site predictionmodelasa linear combinationof the structure-

(b)

featuresmodelandthe sequence-featuranodel:

We trainedthe classi er andlearnedthe weightsthat de ned

the linear combinationmodel. The linear combinationmodel

producedan11ptAvg precisionof % for donorsplice-site
prediction. This resultwas an improvementover the %

obtainedwhen using the whole set of donor features
(mixed), and over the % obtainedwhen using only the

sequencdeaturesasshowvn in Tablelll. This improvementis

statisticallysigni cant for alpha

V. BIOLOGICAL SIGNIFICANCE

Figuresl and2 shovedthatthe nucleotidepairingtendeny
in the positve sequencesupportedthe actual splicing sce-
nario. In our splice-sitepredictionexperimentswe generated
featuresthat capturedthe pairing tendeng of nucleotidesin
speci ¢ positionsin the sequenceln this section,we focus
on the generatedsecondary-structuréeaturesand searchfor
known splicing regulator signals.

The biological signalsthat are presentin the splice-site
neighborhoodfall into thesecateyories. Exonic splicing en-
hancers(ESE) are signals that activate the nearby splicing
sites. Exonic splicing silencers(ESS) act as suppressorso
the splicing actiity. Both enhancingand silencingeffectsare
accomplishedvia the different typesof proteinsthat bind to
the ESEandESSsignals.Fairbrotheret al. [12] identi ed
candidateESE -mers,the RescueESEet. Gorenet al. [13]
identi ed a setof candidatesplicing regulator -mers,the
ESRset.And Wanget al. [14] derived a set of candidate
ESS -mers,the FasESSset.



TABLE 11l
ACCEPTOR(A) AND DONOR (B)SPLICE-SITE PREDICTION 11PTAVG RESULTS. RECURSIVE FEATURE ELIMINATION IS PERFORMED FOR MIXED FEATURES

MODELS OF ACCEPTOR AND DONOR SITES. FOR EACH ITERATION WE REDUCED THE NUMBER OF FEATURES BY

. AFTER EACH ITERATION, WE

COUNTED THE NUMBER OF STRUCTURE- AND SEQUENCE-BASED FEATURES THAT WERE SELECTED AND BUILT SEPARATE PREDICTION MODELS FOR
EACH. THESE RESULTS ARE ALSO LISTED.

AcceptorModels (No.Featuresand 11ptA/g)

Donor Models (No.Featuresand 11ptA/g)

Mix Model Structure Sequence Mix Model Structure Sequence
5848 89.74 | 2941 66.55 | 2907 90.35 4823 89.46 | 3148 1675 90.61
5048 90.05 | 2400 64.23 | 2648 90.02 4000 89.83 | 2482 64.68 | 1518 90.22
4448 90.76 | 1981 62.83 | 2467 90.27 3400 90.13 | 2009 62.11 | 1391 90.26
4048 90.55 | 1668 60.26 | 2380 90.26 3000 90.36 | 1679 60.42 | 1321 90.19
3448 90.37 | 1227 5852 | 2221 90.09 2400 90.76 | 1206 57.00 | 1194 90.20
3048 90.36 | 957 55.41| 2091 89.69 2000 90.75| 933 50.58 | 1067 90.23
2448 90.25| 583 45.84 | 1865 89.68 1600 90.57 | 677 44.25| 923 90.13
2048 89.51| 376 37.60 | 1672 89.30 1000 90.15| 335 34.08| 665 89.82
1448 89.12 | 153 32.04 | 1295 88.51 600 89.46 | 183 2564 | 417 89.20
1048 88.42| 57 24.00| 991 87.79

@ (b)
Becausethe secondary-structuréeaturesgeneratedby the V1. CONCLUSIONS

FGA algorithm capturedthe pairing information of different
nucletidesand their preferredlocation, we hypothesizethat,
thesespeci ¢ paired featuresmay have discorered ESE and
ESS sitesin the splice-site neighborhood.To test that, we
comparedthem with the publishedESE and ESS sets[12]-
[14]. Our generatedfeaturescontained,at most, position-
speci ¢ paired -mers.Thereforeto comparewith the exonic
splicing regulator sets,we derived all the -merscontained
in the -mer sets. The RescueESEset contained208, the
ESR set contained297 and the FasESSset contained142
unique 5-mers.We computedthe overlap betweenthe FGA-
generated5-mer sets and the 5-mersin the regulator sets.
For each overlap, we computedthe p-value, basedon the
hypeigeometricdistribution. The resultsare shavn in Table
V.

The setof FGA-generated -mersof the downstreandonor
region produceda signi cant overlapwith the FasESSset of
splicingsilencersignals.The splicingsilencersignalsaremore
subtle signals and therefore more dif cult to discover. The
upstreamdonorregion -mersproduceda signi cant overlap
with the ESR setof splicing regulator signals.To investigate
these signals further, we selectedthe -mer features,that
producedthe overlap, and searchedheir exact positionsin
the splice-site neighborhood We divided the neighborhood
into six regions: the far, near and close regions upstreamor
downstreamfrom the annotatedsplice-siteposition. The far
region upstreamor downstreamdenotedthe interval
nucleotidesaway from the splicesite. The nearregion denoted
the interval from to nucleotidesand the close region
denotedhe nucleotidesupstreanor downstreanthe splice
site. We groupedthe overlapped -mer featuresinto these
six regions and we listed them in Table V. This detailed
descriptionhasnot beendone beforeand we hopeit will be
of valueto biologists.Although someof the signalsappeatin
morethanoneregion, it is interestingto note that, the weight
of the featuresalso changedwith position, sometimeseven
switching sign.

In this paper we presentedan extensionto our feature
generationalgorithm to construct featuresthat capture the
three-dimensionatharacteristicof genomicsequencesThis
algorithmwasappliedto the problemof splice-siteprediction,
and a new splice-site predictor model was proposed.The
nev model employed featuresthat capturedboth sequence
composition and structural shape characteristicsof splice-
site sequencesThe linear combinationof structure-features
model with sequence-featuremodel improved the splice-
site predictionaccurag signi cantly. Moreover, the features
employed by the structure-basethodelwerefoundto overlap
signi cantly with splicing regulator motifs. We divided the
160-nucleotidesplice-siteneighborhoodnto six regions, and
mappedthe position preferenceof the identi ed biologically
relevant signals. This detailed descriptionis likely to be
valuable to biologists. In our future work, we plan to in-
vestigateother biologically relevant information, suchas, the
identi cation of featureghatcapturethetendeng notto create
a pairing bond and their particularposition.
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