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Abstract— RNA moleculesare distinguished by their sequence
composition and by their thr ee-dimensional shape, called the
secondary structur e. The secondary structur e of a pre-mRNA
sequencemay have a strong in�uence on gene splicing. In our
previous work, we showed 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 tendency in the splice-siteneighborhood.
We extend the splice-site model to include both pre-mRNA se-
quenceand structur echaracteristics.The new model signi�cantly
outperforms the sequence-basedfeatures model. The identi�ed
secondary-structure featurescapture biologically relevant signals
such as splicing silencers.We also found thesesignals to prefer
speci�c regionsaround the splice-siteneighborhoodand we detail
their preference.

I . INTRODUCTION

The three-dimensionalshapeof proteinsor nucleicacid se-
quencesis calledsecondarystructure. Thesecondarystructure
of RNA moleculesis de�ned by thepairingsof thenucleotides
along the sequence.RNA secondary-structurecharacteristics
are important in biology, becauseRNA sequencesfold into
structuresthat arecritical to their biological functions.More-
over, RNA secondary-structurepropertiesmay help identify
subsequencesof nucleotidesthat interactwith othermolecules
or complexes.

Humangenes— andthegenesof everyeukaryoticorganism
— are composedof contiguouscoding regions in the DNA
sequence.The coding regions, exons, are separatedby non-
coding regions, introns. During the transcriptionprocess,the
messengerRNA copiesthe portion of the DNA that contains
a gene(pre-mRNA). After transcription,during the splicing
process,the non-coding regions are excised from the pre-
mRNA sequence.All the coding pieces, then, are ligated
together into the �nal gene product (mRNA), ready to be
translatedinto protein. The bordersof the introns are called
splice sites, the start of an intron is called the donor splice
site andtheendof an intron is calledtheacceptorsplicesite.
Splicing takesplacein several stages[1]. Therearea number
of proteinsthat recognizethe splice-sitelocationsandbind to
the sequencefacilitating the intron excision.

Splice-siteprediction is the task of recognizingthe actual
boundariesof theprotein-codingregionsin theDNA sequence.
Accuratesplice-sitepredictionis a critical componentof gene
prediction. Geneprediction from DNA sequencedata is an
importantgoal in bioinformatics,not only to provide fastand
reliableannotationof the largequantityof sequencesdata,but
also to provide valuablebiological insights. In our previous
work, [2], [3], we developeda splice-siteprediction model
achieving signi�cant accuracy improvementsover existing
methods.We also showed that the featuresgeneratedusing
our algorithmcorrespondto biologically signi�cant functional
elements[4], [5].

In our splice-sitepredictionmodel,we haveconsideredonly
sequence-basedfeatures.However, the splicing processis not
a merelinear process.In fact, the correctidenti�cation of the
splicing bordersactually involvesa large numberof proteins.
The af�nity of sequencenucleotidesto form pairing bonds
may guide theseproteinsto their binding sites, thus having
an importanteffect in thesplicingprocess.To investigatethis,
we usean RNA secondary-structurepredictionalgorithm [6]
to fold the training sequencesinto their secondary-structure
form. Using the secondary-structuresequences,we extend
our featuregenerationalgorithm to generatestructure-based
features.Thesenovel featurescapturethe pairing tendency
of the position-speci�csubsequencesin splice-siteneighbor-
hood.The combinedsplice-sitemodelof both sequence-and
structure-basedfeaturesimproves splice-siteprediction. The
secondary-structurefeaturesalsocaptureimportantbiological
properties.

The possibility of extractinguseful information from RNA
secondarystructure for splice-siteprediction was proposed
by Pattersonet al. in [7]. Their splice-siteprediction model
combined a sequence-basedsplice-site predictor score and
a few structure-basedmetrics, such as the optimal folding
energy score,themax-helixscore,anda second-orderMarkov
model to capture the pairing pro�le of a folded sequence.
They suggestedthat there are structuralcuesthat should be
exploited by gene-�nding algorithms. Our approachdiffers
from [7] in that we searchedthe spaceof possibleposition-
speci�c nucleotidepairings in order to �nd speci�c features
that improved splice-siteprediction.We also offer biological



interpretation for the identi�ed features.Our recent work
demonstratedthat our sequence-basedsplice-site predictor
achievedmuchbetterresultsthantheWAM model,which was
usedas the sequence-basedpredictorin their work.

We describeour data in SectionII and the generationof
structure-basedfeatures,using our feature generationalgo-
rithm, in Section III. Section III also summarizesthe de�-
nitions of the sequence-basedfeaturesusedin the splice-site
prediction model. We provide a detailed descriptionof our
experiments,usingthenovel features,in SectionIV. Next, we
discussour �ndings and the possiblebiological relevanceof
the new features.

I I . DATA CHARACTERISTICS

The datasetused for feature generationwas a collection
of

�����

-nucleotide-longtraining sequencescenteredat the
splice site. Both upstreamand downstreamregions were ���

nucleotideslong and the sequencealphabetwas � A,C,G,T	 .
The acceptor-site training data contained 20,996 positive
instancesand 200,000 negative instances,and the donor-
site training data contained20,761 true positive instances
and 200,000 negative instances.We used these sequences
to generatesequence-basedfeatures.For secondarystructure
characteristics,we needthe three-dimensionalshape.We used
the RNA secondary-structurepredictionalgorithm,Afold [6],
to fold all the training sequencesinto their three-dimensional
form. Afold wasmodi�ed so thatgiventhetrainingsequences
as input, the resultwasa new setof sequencesthat, for each
nucleotide,denotedwhetherit participatedin paringbondsin
thesecondaryform. Thoseconstitutedthesecondary-structure
sequences.

We wantedto understandif splicing was affected by the
pairing tendency of the nucleotidesin the closeneighborhood
of the splice site. To answerthat question,we plotted the
fraction of positive sequenceshaving a paired 
 -nucleotide
subsequence( 
 -mer) for each position of its length and
comparedit with that of the negative sequences.Thoseplots
are shown in Figures 1 and 2. We were surprisedto see
that for acceptorsplice-sitesequences,the positive sequences
showed a higher tendency to have paired 
 -mer sequencesin
the upstreamregion, with a clear peak of pairing tendency
just before the actual splice-siteposition. The donor splice-
site sequences,on the otherhand,showed a tendency toward
reduced 
 -mer pairings in the upstreamregion and a higher
tendency for pairing in the downstreamregion.

Theseobservations are of interest becausethey are con-
sistent with the actual splicing scenariothat takes place in
living cells. These�ndings encouragedus to investigatethe
possibleimpact of secondary-structurefeatureson splice-site
prediction.

I I I . FEATURE GENERATION FOR SPLICE-SITE PREDICTION

This section describesour feature generationalgorithm
(FGA) [2], [3]. FGA usesdomainknowledgeand dataprop-
ertiesto constructandselectusefulfeaturesfor the prediction

task.Startingwith aninitial featureset,FGA iteratively callsa
featureconstructionmethodto expandthe currentfeatureset,
anda featureselectionmethodto reducethefeaturesetsizeto
manageablelevels.After a speci�ed numberof iterations,the
algorithm producesan output featureset.Thosefeaturesare,
in turn, usedby a classi�cationalgorithmfor theclassi�cation
task.Theclassi�er thatconsistentlygave thebestperformance
for our data was CMLS [8]. We usedthe

���

-point average
precision(11ptAvg Precision)to evaluatethe performanceof
our algorithm.For any recall ratio,we calculatedtheprecision
at the thresholdthatachievedthat recall ratio. The 11ptAvg is
theaverageof precisionsestimatedat the recall valuesof � %,

�

� %,
�

� %, . . . ,
�

��� %.

A. Feature Constructionfor Splice-siteprediction

The�rst stageof the featuregenerationalgorithmgenerates
feature sets useful for splice-site prediction. Initially, we
de�ne the basic elementsto constructfeatures.In the case
of pre-mRNA sequences,we usethe nucleotidealphabetand
sequencelength to constructsequence-basedfeatures.

1) Feature Construction for Sequences:We considered
several featuretypesthatcapturecompositionalandpositional
propertiesof sequences:general 
 -mer, upstream/downstream


 -mer, position-speci�c 
 -mer and conjunctivepositionalfea-
tures.We have describedthesefeaturesand their individual
constructionmethodsin [3]. Herewe extendour algorithmto
capturethe secondary-structurecharacteristicsof the splice-
site sequence.

2) Feature Construction for Secondary-Structure Se-
quences: We de�ne a novel feature type that capturesthe
structurecharacteristicsof the RNA sequences,the position-
speci�c paired 
 -mers. A position-speci�c paired 
 -mer is a
stringof 
 nucleotidesthat,in theoutputsequenceof theRNA
secondary-structurealgorithm, is predicted to form pairing
bonds with other nucleotidesin the sequence.To identify
possiblebinding motifs for the proteinsthat affect splicing,
we employ our featuregenerationalgorithmto 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�c paired ��
�


���

-
mers by appendingthe letters of the alphabetto each fea-
ture. As an example,assume��������������� is ����� �!�#"�	 . This set
containsone feature,the $ -mer “AACC” startingat the �rst
sequenceposition.Eachnucleotideof this featurewaspaired
in the secondarystructure.Now, we canextend it to the next
level set of position-speci�c paired % -mers, �'&)(

��*+��,.-
&

�0/2143

���5�5�!�6�
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	 . In that man-
ner, we incrementallyconstructhigher levels.

B. Feature Selectionfor ConstructedFeatures

To reduce the size of our constructedfeature sets, we
considereddifferent feature selection methods.Information
Gain (IG) measuresthenumberof bitsof informationobtained
for category predictionby knowing the presenceor absence
of a feature.Chi-Square (CHI) statisticmeasuresthe lack of



Fig. 1. Position-speci�cpairedfeaturesfoundin trueacceptor-site sequences(positive) vs.non-acceptor-site sequences(negative). Theacceptor-site consensus
“AG” is at positions[80,81] in the sequence.The upstreamregion, the sequenceregion to the left of the splice site, indicatedpairing af�nity in the true
sequences.

Fig. 2. Position-speci�cpaired featuresfound in true donor-site sequencesvs. non-donor-site sequences.The donor-site consensus“GT” is at positions
[80,81] in the sequence.The upstreamregion shows a lower pairing af�nity comparedto the downstreamregion, the sequenceregion to the right of the splice
site. A smallerfraction of pairingswasobserved in true sequences,comparedto negative sequencesin the upstreamregion.



independencebetweenfeature < and the category = � . Mutual
Information (MI) is a criterion commonlyusedin statistical
languagemodeling of word associations.The de�nitions of
thesevaluesare the sameas those presentedby Yang and
Pedersenin [9]. The other �ltering methodthat we use, KL-
distance(KL) criterion,measuresthe divergencebetweenthe
distribution of featurespresentin a training sequenceandthe
categoriesthatsequencemaybelongto. KL de�nition is given
by Schneiderin [10].

For each initial feature set, we iterate betweenthe con-
structionfeaturemethodto obtainmorecomplex features,and
a feature selectionmethod to reducethe dimensionalityof
the constructedset.We performthis processfor a prede�ned
number of iterations. In this manner, we generatedifferent
featuresets,eachuseful for splice-siteprediction.

RecursiveFeature Elimination
After we generatethe individual featuresetsseparately, we
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 categories. Each feature is assigneda weight
during learning.Theseweightsde�ne the decisionboundary
and can be usedfor ranking. Featureswith zero weights,or
weightsvery close to zero, are assumedto not contribute to
theclassi�cationtask[11], andarethereforeeliminated.In this
manner, we learna new model andeliminatea �x ed number
of featuresafter eachiteration.

C. Splice-SitePredictionModel

Our generatedfeaturesare of two major feature types:
featurescapturingsequencepropertiesand featurescapturing
structure propertiesof the splice-site neighborhood.Using
this naturalseparation,we usea classi�er to learn sequence-
andstructure-featuressplice-sitepredictionmodels.Then,we
de�ne a new model for the splice-siteprediction— a linear
combinationof thestructure-featuresmodelandthesequence-
featuresmodel:
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Thestructure-modelandsequence-modelof splice-sitepredic-
tion areusedto scorea held-outtraining-sequencesset.Then,
we use the classi�er to learn the coef�cients 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-
cleotidesshowing high pairing potential, we conductedthe
setsof experimentsdescribedin this section.All the reported
11ptAvg precisionvaluesare the resultsof three-fold cross
validations.

A. Position-speci�cpaired 
 -mers

Similar to our position-speci�csequence-based
 -mer fea-
tures[3], we constructedall theposition-speci�c 
 -mersfor 


valuesrangingfrom
�

to % . We scoredthe features,usingthe
feature-selectionmethodsand usedthe top

�

7 ����� featuresto
predict both donor and acceptorsplice sites.The resultsare
shown in Table I.

We collected$������ featuresfrom position-speci�cpaired 
 -
mer setsfor 
 from

�

to % . To this set, we addedposition-
speci�c paired1-mer features(

�

$�� for a
�����

nucleotidelong
sequence).We appliedrecursive featureelimination on those
setsof features,asshown in TablesII(a) andII(b). Compared
with individual results of our sequence-basedfeatures,the
11ptAvg precisionperformanceof theposition-speci�cpaired


 -merswasvery promising.It clearlyshowedthat sucha fea-
ture carriedan importantamountof information,which could
possibly help to further understandthe 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
stretchesof un-annotatedRNAs.

B. Splice-siteprediction with sequenceand structure-based
features

We selecteda set of featuresfrom the position-speci�c
paired 
 -mers to combine with our previously identi�ed
acceptorand donor sequence-featuressets [3]. The mixed
model for acceptor-site prediction containeda collection of

N

����� sequencefeatures
NO�

$�� structurefeatures.The mixed
modelfor donor-sitepredictioncontaineda collectionof

���QP

%

sequencefeaturesand
NO�

$Q� structurefeatures.Thesemodels
producedthe following 11ptAvg precision results: ��ROS

P

$ %
for acceptorsplice sites and ��ROS $

�

% for donor splice sites.
Although producinga low rate of false positives and rank-
ing well, thoseresultshave not producedbetterpredictions,
comparedwith our sequence-basedfeature model (see our
previously publishedwork for a comprehensive descriptionof
thoseresults).In fact,at this point,our sequence-basedfeature
modelshave producedhigher splice-siteprediction 11ptAvg
precisions: R��OS

N

% % for acceptorsplice-sitesand R��OS

�O�

% for
donorsplicesites.

To understandthe importanceof the secondary-structure
featuresfor splice-siteprediction,we conductedthe following
experiments.Starting with the whole set of sequenceand
structurefeatures,we applied recursive feature elimination,
eliminating

�

��� featuresfor eachiteration. TablesIII(a) and
III(b) show the splice-sitepredictionresultsfor both acceptor
anddonordatasetsin our experiments.In thosetableswe also
list thenumberof featuresthatdescribesequencecomposition
or structurecharacteristicsfor each mixed feature set. We
alsotrainedthe classi�er andbuilt predictionmodelsfor each
separatesequence-and structure-featureset and reportedthe
individual 11ptAvg precisions.

From the results shown in Table III we made several
observations.First, the sequencecompositionwasof primary
importancein de�ning a splice site. The 11ptAvg resultsof



TABLE I
FEATURE-GENERATION COMPARISON FOR POSITION-SPECIFIC PAIRED T -MER FEATURES FOR T FROM U TO V FOR ACCEPTOR AND DONOR SPLICE-SITE
PREDICTION. WE GIVE THE 11PTAVG PRECISION FOR EACH SET WHEN ALL THE FEATURES ARE USED AND WHEN TOP- U2WGWGW FEATURES ARE USED FOR

DIFFERENT SELECTION METHODS.

Acceptor-Site Models
K-mer All IG KL MI CHI

1 61.79 - - - -
2 64.46 62.11 61.84 46.62 62.13
3 59.82 55.05 - 43.46 54.96
4 51.04 42.93 36.98 40.17 43.02
5 44.13 38.72 27.17 37.20 -

Donor-Site Models
K-mer All IG KL MI CHI

1 61.07 - - - -
2 66.08 61.88 61.78 44.29 61.92
3 - 54.73 53.09 47.91 54.61
4 51.21 44.06 41.30 39.42 43.40
5 45.29 43.14 35.12 41.37 43.70

(a) (b)

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

USING CMLS. WE START WITH X@Y�X@Z FEATURES FOR (A) ACCEPTOR AND (B) DONOR, WHERE Y�X@Z IS THE NUMBER OF POSITION-SPECIFIC PAIRED
NUCLEOTIDES AND X@WGWGW ARE THE CHI-SELECTED FEATURES FOR T VALUES FROM [ TO V . FOR EACH ITERATION WE REDUCE THE NUMBER OF

FEATURES BY VGWGW AND REPORT THE 11PTAVG FOR SPLICE-SITE PREDICTION.

Nr of Features 11ptAvg (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 11ptAvg (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

(a) (b)

modelsbuilt only on sequencefeaturesconsistentlyshowed
high values.Second,speci�c nucleotidepairingsof particular
locations could be the key to the discovery of important
binding sites. The 11ptAvg resultsof modelsbuilt only on
structurefeatureswereseveralordersof magnitudehigherthan
random(

�

� %). And third, thesecondary-structureinformation
improves splice-siteprediction, in addition to the sequence-
basedfeatures.For example,asshown in TableIII(a), whenthe
numberof featureswasreducedto

N

��$�� , theadditionof paired
position-speci�cfeaturesincreasedthe11ptAvg from ��ROS

�

R %,
which was the result of sequence-basedfeatures,to R��OS

N��

%.
This resultwasstatisticallysigni�cant with alpha �OS ����% .

C. New predictionmodelwith sequence-and structure-based
information

The resultsin TablesIII(a) andIII(b) suggestedthatadding
the structure-basedfeaturesin the large mix of featuresdoes
not producea visible differencein the splice-siteprediction
results.Instead,in orderto pro�t from theinformationencoded
in thenewly generatedfeatures,we usedthecombinedmodel.
The combinedmodel initially learnstwo different splice-site
models;one basedon the structurefeaturesand one based
on the sequenceones. To illustrate this, we selectedthe
featuresetof size

N

����� in Table III. This set contained
���QP

R

position-speci�c paired 
 -mers (structurefeatures)and
��N��O�

general,upstream,downstreamand position-speci�c 
 -mers
and conjunctive positional features(sequencefeatures).The
11ptAvg resultfor splice-sitepredictionof thestructure-based
featuresmodelwas

�

�OS $

�

% andthe11ptAvg of thesequence-
basedfeaturesmodelwas R��\S

�

R %. We learnedthenew splice-
site predictionmodelasa linear combinationof thestructure-

featuresmodeland the sequence-featuresmodel:
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We trainedthe classi�er and learnedthe weightsthat de�ned
the linear combinationmodel.The linear combinationmodel
producedan11ptAvg precisionof R

�

S $

�

% for donorsplice-site
prediction.This result was an improvementover the R��OS

N��

%
obtainedwhen using the whole set of

N

����� donor features
(mixed), and over the R��OS

�

R % obtainedwhen using only the
sequencefeatures,asshown in TableIII. This improvementis
statisticallysigni�cant for alpha �OS ���Q% .

V. BIOLOGICAL SIGNIFICANCE

Figures1 and2 showedthatthenucleotidepairingtendency
in the positive sequencessupportedthe actual splicing sce-
nario. In our splice-sitepredictionexperiments,we generated
featuresthat capturedthe pairing tendency of nucleotidesin
speci�c positionsin the sequence.In this section,we focus
on the generatedsecondary-structurefeaturesand searchfor
known splicing regulatorsignals.

The biological signals that are presentin the splice-site
neighborhoodfall into thesecategories.Exonic splicing en-
hancers(ESE) are signals that activate the nearby splicing
sites. Exonic splicing silencers(ESS) act as suppressorsto
the splicing activity. Both enhancingandsilencingeffectsare
accomplishedvia the different typesof proteinsthat bind to
theESEandESSsignals.Fairbrotheret al. [12] identi�ed

�9N

�

candidateESE
�

-mers,the RescueESEset.Gorenet al. [13]
identi�ed a setof

�

��% candidatesplicing regulator
�

-mers,the
ESRset.And Wanget al. [14] derived a setof

�8P8�

candidate
ESS

�

-mers,the FasESSset.



TABLE III
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 [GWGW . 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.Featuresand11ptAvg)
Mix Model Structure Sequence

5848 89.74 2941 66.55 2907 90.35
5048 90.05 2400 64.23 2648 90.02
4448 90.76 1981 62.83 2467 90.27
4048 90.55 1668 60.26 2380 90.26
3448 90.37 1227 58.52 2221 90.09
3048 90.36 957 55.41 2091 89.69
2448 90.25 583 45.84 1865 89.68
2048 89.51 376 37.60 1672 89.30
1448 89.12 153 32.04 1295 88.51
1048 88.42 57 24.00 991 87.79

Donor Models (No.Featuresand11ptAvg)
Mix Model Structure Sequence

4823 89.46 3148 1675 90.61
4000 89.83 2482 64.68 1518 90.22
3400 90.13 2009 62.11 1391 90.26
3000 90.36 1679 60.42 1321 90.19
2400 90.76 1206 57.00 1194 90.20
2000 90.75 933 50.58 1067 90.23
1600 90.57 677 44.25 923 90.13
1000 90.15 335 34.08 665 89.82
600 89.46 183 25.64 417 89.20

(a) (b)

Becausethe secondary-structurefeaturesgeneratedby the
FGA algorithm capturedthe pairing information of different
nucletidesand their preferredlocation, we hypothesizethat,
thesespeci�c paired featuresmay have discoveredESE and
ESS sites in the splice-siteneighborhood.To test that, we
comparedthem with the publishedESE and ESS sets[12]–
[14]. Our generatedfeaturescontained,at most, position-
speci�c paired % -mers.Therefore,to comparewith the exonic
splicing regulator sets,we derived all the % -mers contained
in the

�

-mer sets. The RescueESEset contained208, the
ESR set contained297 and the FasESSset contained142
unique5-mers.We computedthe overlap betweenthe FGA-
generated5-mer sets and the 5-mers in the regulator sets.
For each overlap, we computedthe p-value, basedon the
hypergeometricdistribution. The resultsare shown in Table
IV.

The setof FGA-generated% -mersof thedownstreamdonor
region produceda signi�cant overlapwith the FasESSset of
splicingsilencersignals.Thesplicingsilencersignalsaremore
subtle signals and thereforemore dif�cult to discover. The
upstreamdonor region % -mersproduceda signi�cant overlap
with the ESR set of splicing regulatorsignals.To investigate
these signals further, we selectedthe % -mer features,that
producedthe overlap, and searchedtheir exact positions in
the splice-siteneighborhood.We divided the neighborhood
into six regions: the far, near and closeregions upstreamor
downstreamfrom the annotatedsplice-siteposition. The far
region upstreamor downstreamdenotedthe interval %��!cd���

nucleotidesaway from thesplicesite.Thenearregion denoted
the interval from

�

� to %9� nucleotidesand the close region
denotedthe

�

� nucleotidesupstreamor downstreamthesplice
site. We grouped the overlapped % -mer featuresinto these
six regions and we listed them in Table V. This detailed
descriptionhasnot beendonebeforeand we hopeit will be
of valueto biologists.Althoughsomeof thesignalsappearin
morethanoneregion, it is interestingto notethat, the weight
of the featuresalso changedwith position, sometimeseven
switchingsign.

VI . CONCLUSIONS

In this paper we presentedan extension to our feature
generationalgorithm to construct featuresthat capture the
three-dimensionalcharacteristicsof genomicsequences.This
algorithmwasappliedto theproblemof splice-siteprediction,
and a new splice-site predictor model was proposed.The
new model employed featuresthat capturedboth sequence
composition and structural shape characteristicsof splice-
site sequences.The linear combinationof structure-features
model with sequence-featuresmodel improved the splice-
site prediction accuracy signi�cantly. Moreover, the features
employedby thestructure-basedmodelwerefound to overlap
signi�cantly with splicing regulator motifs. We divided the
160-nucleotidesplice-siteneighborhoodinto six regions,and
mappedthe position preferenceof the identi�ed biologically
relevant signals. This detailed description is likely to be
valuable to biologists. In our future work, we plan to in-
vestigateotherbiologically relevant information,suchas, the
identi�cation of featuresthatcapturethetendency not to create
a pairing bondandtheir particularposition.
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TABLE IV
THE SET OF POSITION-SPECIFIC PAIRED V -MERS IN THE FINAL SPLICE-SITE MODEL IS DIVIDED INTO UPSTREAM AND DOWNSTREAM FEATURES SETS.

THESE SETS WERE COMPARED WITH THE SETS OF V -MERS FOUND IN RESCUE-ESE, FAS-ESSAND ESR SETS OF EXONIC SPLICING REGULATORS. FOR
EACH COMPARISON WE FOUND THE OVERLAP AND CALCULATED THE P-VALUE. THE NUMBERS IN BOLD SHOW SIGNIFICANT RELATIONSHIPS.

Rescue-ESE(208) FAS-ESS(142) ESR(297)
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