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Abstract

Opinionholderextractionisoneoftheimpor-
tantsubtasksinsentimentanalysis. Theef-
fectivedetectionofanopinionholderdepends
ontheconsiderationofvariouscuesonvari-
ouslevelsofrepresentation,thoughtheyare
hardtoformulateexplicitlyasfeatures.Inthis
work,weproposetouseconvolutionkernels
forthattaskwhichidentifymeaningfulfrag-
mentsofsequencesortreesbythemselves.
Wenotonlyinvestigatehowdifferentlevels
ofinformationcanbeeffectivelycombined
indifferentkernelsbutalsoexaminehowthe
scopeofthesekernelsshouldbechosen.In
generalrelationextraction,thetwocandidate
entitiesthoughttobeinvolvedinarelationare
commonlychosentobetheboundariesofse-
quencesandtrees.Thedefnitionofbound-
ariesinopinionholderextraction,however,is
lessstraightforwardsincetheremightbesev-
eralexpressionsbesidethecandidateopinion
holdertobeeligibleforbeingaboundary.

1 Introduction

Inrecentyears,therehasbeenagrowinginterest
intheautomaticdetectionofopinionatedcontent
innaturallanguagetext. Oneofthemoreimpor-
tanttasksinsentimentanalysisistheextractionof
opinionholders. Opinionholderextractionisone
ofthecriticalcomponentsofanopinionquestion-
answeringsystem(i.e.systemswhichautomatically
answeropinionquestions,suchas“Whatdoes[X]
likeabout[Y]?”).Suchsystemsneedtobeableto
distinguishwhichentitiesinacandidateanswersen-
tencearethesourcesofopinions(=opinionholder)

andwhicharethetargets.
OnotherNLPtasks,inparticular,onrelationextrac-
tion,therehasbeenmuchworkonconvolutionker-
nels,i.e.kernelfunctionsexploitinghugeamounts
offeatureswithoutanexplicitfeaturerepresenta-
tion.Previousresearchonthattaskhasshownthat
convolutionkernels,suchassequenceandtreeker-
nels,arequiteeffectivewhencomparedtomanual
featureengineering(Moschitti,2008;Bunescuand
Mooney,2005;Nguyenetal.,2009).Inorderto
effectivelyuseconvolutionkernels,itisoftennec-
essarytochooseappropriatesubstructuresofasen-
tenceratherthanrepresentthesentenceasawhole
structure(BunescuandMooney,2005;Zhangetal.,
2006;Moschitti,2008).Asfortreekernels,forex-
ample,onetypicallychoosesthesyntacticsubtree
immediatelyenclosingtwoentitiespotentiallyex-
pressingaspecifcrelationinagivensentence.The
opinionholderdetectiontaskisdifferentfromthis
scenario. Therecanbeseveralcueswithinasen-
tencetoindicatethepresenceofagenuineopinion
holderandthesecuesneednotbememberofapar-
ticularwordgroup,e.g.theycanbeopinionwords
(seeSentences1-3),communicationwords,suchas
maintainedinSentence2,orotherlexicalcues,such
asaccordinginSentence3.

1.TheU.S.commandersconsideropiniontheprisonerstobeun-
lawfulcombatantsopinionasopposedtoprisonersofwar.

2. Duringthesummit, Koizumimaintainedcommunication a
clear-cutcollaborativestanceopiniontowardstheU.S.andem-
phasizedthatthePresidentwasobjectiveopinionandcircum-
spect.

3. AccordingcuetoFernandez,itwastheworstmistakeopinionin
thehistoryoftheArgentineeconomy.
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Thus,thedefnitionofboundariesofthestructures
fortheconvolutionkernelsislessstraightforwardin
opinionholderextraction.
Theaimofthispaperistoexploreinhowfarconvo-
lutionkernelscanbebenefcialforeffectiveopinion
holderdetection. Wearenotonlyinterestedinhow
fardifferentkerneltypescontributetothisextraction
taskbutwealsocontrasttheperformanceofthese
kernelswithamanuallydesignedfeaturesetused
asastandardvectorkernel.Finally,wealsoexam-
inetheeffectivenessofexpandingwordsequences
orsyntactictreesbyadditionalpriorknowledge.

2 RelatedWork

Choietal.(2005)examineopinionholderextraction
usingCRFswithvariousmanuallydefnedlinguis-
ticfeaturesandpatternsautomaticallylearntbythe
AutoSlogsystem(Riloff,1996).Thelinguisticfea-
turesfocusonnamed-entityinformationandsyntac-
ticrelationstoopinionwords.Inthispaper,weuse
verysimilarsettings.ThefeaturespresentedinKim
andHovy(2005)andBloometal.(2007)resemble
verymuchChoietal.(2005).Bloometal.(2007)
alsoconsidercommunicationwordstobepredictive
cuesforopinionholders.
KimandHovy(2006)andBethardetal.(2005)ex-
ploretheusefulnessofsemanticrolesprovidedby
FrameNet(Fillmoreetal.,2003)forbothopinion
holderandopiniontargetextraction. Duetodata
sparseness,KimandHovy(2006)expandFrameNet
databyusinganunsupervisedclusteringalgorithm.
Choietal.(2006)isanextensionofChoietal.
(2005)inthatopinionholderextractionislearnt
jointlywithopiniondetection. Thisrequiresthat
opinionexpressionsandtheirrelationstoopinion
holdersareannotatedinthetrainingdata.Seman-
ticrolesarealsotakenasapotentialsourceofin-
formation.Inourwork,wedeliberatelyworkwith
minimalannotationand,thus,donotconsiderany
labeledopinionexpressionsandrelationstoopinion
holdersinthetrainingdata. Weexclusivelyrelyon
entitiesmarkedasopinionholders.Inmanypracti-
calsituations,theannotationbeyondopinionholder
labelingistooexpensive.
Complexconvolutionkernelshavebeensuccess-
fullyappliedtovariousNLPtasks,suchasrela-
tionextraction(BunescuandMooney,2005;Zhang

etal.,2006; Nguyenetal.,2009),questionan-
swering(ZhangandLee,2003; Moschitti,2008),
andsemanticrolelabeling(Moschittietal.,2008).
Inallthesetasks,theyoffercompetitiveperfor-
mancetomanuallydesignedfeaturesets.Bunescu
andMooney(2005)combinedifferentsequenceker-
nelsencodingdifferentcontextsofcandidateen-
titiesinasentence. Theyarguethatseveralker-
nelsencodingdifferentcontextsaremoreeffective
thanjustusingonekernelwithonespecifccontext.
Webuildonthatideaandcomparevariousscopes
eligibleforopinionholderextraction. Moschitti
(2008)andNguyenetal.(2009)suggestthatdiffer-
entkindsofinformation,suchaswordsequences,
part-of-speechtags,syntacticandsemanticinforma-
tionshouldbecontainedinseparateconvolutionker-
nels.Wealsoadheretothisnotion.

3 Data

Aslabeleddata,weusethesentimentannotationof
theMPQA2.0corpus1.Opinionholdersarenotex-
plicitlylabeledassuch. Howeversourcesofpri-
vatestatesandsubjectivespeechevents(Wiebeet
al.,2003)areafairlygoodapproximationofthe
task. Previouswork(Choietal.,2005;Kimand
Hovy,2005;Choietal.,2006)usessimilarapproxi-
mations.

4 Method

Inthiswork,weconsiderallnounphrases(NPs)
aspossiblecandidateopinionholders. Therefore,
thesetofalldatainstancesisthesetoftheNPs
withintheMPQA2.0corpus.EachNPislabeled
astowhetheritisagenuineopinionholderornot.
Throughoutthissection,wewilluseSentence2
fromSection1asanexample.

4.1 TheDifferentLevelsofRepresentation

Severallevelsofrepresentationareimportantfor
opinionholderextraction.Table1listsallthedif-
ferentlevelsthatareusedinthiswork.Generalized
sequencesemploynamed-entitytags,anOPINION
tagforopinionwordsandaCOMMtagforcom-
municationwords2.Thus,inageneralizedwordse-

1www.cs.pitt.edu/mpqa/databaserelease
2Notethatallcandidatetokensarereducedtoonegeneric

CANDtoken.Thus,wehopetoaccountfordatasparsenessin
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quence(WRDGN)awordisreplacedbyageneral-
izedtokenwhereasinageneralizedpart-of-speech
sequence(POSGN)apart-of-speechtagisreplaced.
Foraugmentedconstituenttrees(CONSTAUG),the
samesourcesofinformationareused.Thediffer-
encetogeneralizingsequencesisthatinsteadofre-
placingwordsbygeneralizedtokens,weaddanode
inthesyntaxtreewithageneralizedtokensothatit
dominatesthepertainingleafnode(seealsonodes
markedwithAUGinFigure2).Allsourcesusedfor
thistypeofgeneralizationareknowntobepredictive
foropinionholderclassifcation(Choietal.,2005;
KimandHovy,2005;Choietal.,2006;Kimand
Hovy,2006;Bloometal.,2007).

Notethatthegrammaticalrelationpaths,i.e.
GRAMWRD andGRAMPOS,canonlybeapplied
incasethereisanotherexpressioninthefocusin
additiontothecandidateofthedatainstanceitself,
e.g.thenearestopinionexpressiontothecandidate.
Section4.4explainsindetailhowthisisdone.

Predicate-argumentstructures(PAS)arerepre-
sentedbyPropBanktrees(KingsburyandPalmer,
2002).

4.2 SupportVectorMachinesandKernel
Methods

SupportVector Machines(SVMs)areoneofthe
mostrobustsupervisedmachinelearningtechniques
inwhichtrainingdatainstancesxareseparatedbya
hyperplaneH(x)=w·x+b=0wherew∈Rn

andb∈R. OneadvantageofSVMsisthatker-
nelmethodscanbeappliedwhichmapthedatato
otherfeaturespacesinwhichtheycanbeseparated
moreeasily.Givenafeaturefunctionφ:O→ R,
whereOisthesetoftheobjects,thekerneltrick
allowsthedecisionhyperplanetoberewrittenas:

H(x)=
i=1...l

yiαixi ·x+b=

i=1...l

yiαixi·x+b=
i=1...l

yiαiφ(oi)·φ(o)+b

whereyiisequalto1forpositiveand−1for
negativeexamples,αi∈Rwithαi≥ 0,oi∀i∈
{1,...,l}arethetraininginstancesandtheproduct
K(oi,o)=φ(oi)·φ(o)isthekernelfunctionas-
sociatedwiththemappingφ.

casethereareseveraltokensmakingupthecandidate.

4.3 SequenceandTreeKernels

Asequencekernel(SK)measuresthesimilarity
oftwosequencesbycountingthenumberofcom-
monsubsequences. WeusethekernelbyTaylor
andChristianini(2004)whichhastheadvantagethat
italsoconsiderssubsequencesoftheoriginalse-
quencewithsomeelementsmissing.Theextentof
thesegapsinasequenceissuitablyrefectedbya
weightingfunctionincorporatedintothekernel.
Treekernels(TKs)representtreesbytheirsub-

structures.Thefeaturespaceofthesesubstructures,
orfragments,ismappedontoavectorspace.The
kernelfunctioncomputesthesimilarityofpairsof
treesbycountingthenumberofcommonfragments.
Inthiswork,weevaluatetwotreekernels:Subset
TreeKernel(STK)(CollinsandDuffy,2002)and
PartialTreeKernel(PTKbasic)(Moschitti,2006).
InSTK,atreefragmentcanbeanysetofnodes

andedgesoftheoriginaltreeprovidedthatevery
nodehaseitherallornoneofitschildren.Thiscon-
straintmakesthatkindofkernelwell-suitedforcon-
stituencytreeswhichhavebeengeneratedbycon-
textfreegrammarssincetheconstraintcorresponds
totherestrictionthatnogrammaticalrulemustbe
broken.Forexample,STKenforcesthatasubtree,
suchas[VP[VBZ,NP]],cannotbematchedwith
[VP[VBZ]]sincethelatterVPnodeonlypossesses
oneofthechildrenoftheformer.
PTKbasicismorefexiblesincetheconstraint

ofSTKonnodesisrelaxed. This makesthis
typeoftreekernellesssuitableforconstituency
trees. We,therefore,applyitonlytotrees
representingpredicate-argumentstructures(PAS)
(seeFigure1). Notethatadatainstanceis
representedbyasetofthosestructures3rather
thanasinglestructure. Thus,theactualpartial
treekernelfunctionweuseforthistask,PTK,
sumsoverallpossiblepairsPASlandPASm of
twodatainstancesxiandxj:PTK(xi,xj) =

PASl∈xiPASm∈xj

PTKbasic(PASl,PASm).

Tosummarize,Table2liststhedifferentkernel
typesweusecoupledwiththesuitablelevelsofrep-
resentation.Thischoiceofpairinghasalreadybeen
motivatedandempiricallyprovensuitableonother

3i.e.allpredicate-argumentstructuresofasentenceinwhich
theheadofthecandidateopinionholderoccurs
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Type Description Example

WRD sequenceofwords Duringthesummit,KoizumiCAND maintainedaclear-cut
collaborativestance...

WRDGN sequenceofgeneralizedwords Duringthesummit,CANDCOMMOPINION...

POS part-of-speechsequence INDETNNPUNCCANDVBDDETJJJJNN...

POSGN generalizedpart-of-speechsequence INDETNNPUNCCANDCOMMOPINION...

CONST constituencytree seeFigure2withoutnodesmarkedAUG

CONSTAUG augmentedconstituencytree seeFigure2

GRAMW RD grammaticalrelationpathlabelswithwords KoizumiCAND NSUBJ↑maintainedDOBJ↓stance

GRAMPOS grammaticalrelationpathlabelswithpart-of-speechtags CANDNSUBJ↑VBDDOBJ↓NN

PAS predicateargumentstructures seeFigure1(a)

PASAUG augmentedpredicateargumentstructures seeFigure1(b)

Table1:Thedifferentlevelsofrepresentation.

(a)plain

(b)augmented

Figure1:Predicate-argumentstructures(PAS).

tasks(Moschitti,2008;Nguyenetal.,2009).

Type Description LevelsofRepresentation

SK SequentialKernel WRD(GN), POS(GN),
GRAMWRD,GRAMPOS

STK SubsetTreeKernel CONST(AUG)

PTK PartialTreeKernel PAS

VK VectorKernel notrestricted

Table2:Thedifferenttypesofkernels.

4.4 TheDifferentScopes

Wearguethatusingtheentirewordsequenceorsyn-
taxtreeofthesentenceinwhichacandidateopinion
holderissituatedtorepresentadatainstancepro-
ducestoolargestructuresforaconvolutionkernel.
Sinceaclassiferbasedonconvolutionkernelshas
toderivemeaningfulfeaturesbyitself,thelarger
thesestructuresare,themorelikelynoiseisincluded

inthemodel.Previousworkinrelationextraction
hasalsoshownthattheusageofmorefocusedsub-
structures,e.g.thesmallestsubtreecontainingthe
twocandidateentitiesofarelation,ismoreeffec-
tive(Zhangetal.,2006).Unfortunately,inourtask
thereisonlyoneexplicitentityweknowofforeach
datainstancewhichisthecandidateopinionholder.
However,thereareseveralindicativecueswithinthe
contextofthecandidatewhichmightbeconsidered
important.Weidentifythreedifferentcuesbeingthe
nearestpredicate,i.e.fullverbornominalization,
opinionwordandcommunicationword4.Foreach
oftheseexpressions,wedefneascopewherethe
boundariesarethecandidateopinionholderandthe
pertainingcue. Giventhesescopes,wecandefne
resultingsubsequences/subtreesandcombinethem.
Wefurtheraddtwo backgroundscopes,onebeing
thesemanticscopeofthecandidateopinionholder
andtheentiresentence.Assemanticscopewecon-
siderthesubclauseinwhichacandidateopinion
holderissituated5.

Figure2illustratesthedifferentscopes. Abbre-
viationsareexplainedinTable3.Asalreadymen-
tionedinSection4.1forgrammaticalrelationpaths,
asecondexpressioninadditiontothecandidate
opinionholderisrequired.Theseexpressionscanbe
derivedfromthedifferentscopes,i.e.forPREDit

4Thesethreeexpressionsmaycoincidebutdonothaveto.
5Typically,thesubtreerepresentingasubclausehastheclos-

estSnodedominatingthecandidateopinionholderastheroot
nodeanditcontainsonlythosenodesfromtheoriginalsentence
parsewhicharealsodominatedbythatSnodeandwhosepath
tothatnodedoesnotcontainanotherSnode.
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isthenearestpredicatetothecandidate,forOPitis
thenearestopinionwordandforCOMMitisthe
nearestcommunicationword.Forthebackground
scopesSEMandSENT,however,thereisnosec-
ondexpressioninfocus.Therefore,grammaticalre-
lationpathscannotbedefnedforthesescopes.

Type Description

PRED scopewiththeboundariesbeingthecandidateopinion
holderandthenearestpredicate

OP scopewiththeboundariesbeingthecandidateopinion
holderandnearestopinionword

COMM scopewiththeboundariesbeingthecandidateopinion
holderandthenearestcommunicationword

SEM semanticscopeofthecandidateopinionholder,i.e.
subclausecontainingthecandidate

SENT entiresentenceinwhichintheopinionholderoccurs

Table3:Thedifferenttypesofscope.

4.5 ManuallyDesignedFeatureSetfora
StandardVectorKernel

Inadditiontothedifferenttypesofconvolutionker-
nels,wealsodefneanexplicitfeaturesetforavec-
torkernel(VK).Manyofthesefeaturesmainlyde-
scribepropertiesoftherelationbetweenthecandi-
dateandthenearestpredicate6sinceinourinitial
experimentsthenearestpredicatehasalwaysbeen
thestrongestcue. Addingthesetypesoffeatures
forothercues,e.g.thenearestopinionorcommu-
nicationword,onlyresultedinadecreaseinperfor-
mance.Table4listsallthefeaturesweuse. Note
thatthismanualfeaturesetemploysallthosesources
ofinformationwhicharealsoexploitedbythecon-
volutionkernels.Someoftheinformationcontained
intheconvolutionkernelscan,however,onlyberep-
resentedinamoresimplifedfashionwhenusing
amanualfeatureset.Forexample,thefrstPAS
inFigure1(a)isconvertedtojustthepairofpred-
icateandargumentrepresentingthecandidate(i.e.
REL:maintainA0:Koizumi).TheentirePASisnot
usedsinceitwouldcreatetoosparsefeatures.Con-
volutionkernelscancopewithfairlycomplexstruc-
turesasinputsincetheyinternallymatchsubstruc-
tures.Manualfeaturesarelessfexiblesincetheydo
notaccountforpartialmatches.

6Weselectthenearestpredicatebyusingthesyntacticparse
tree.Thus,wehopetoselectthepredicatewhichsyntactically

headword/governingcategoryofCAND

isCANDcapitalized/aperson?

isCANDsubj|dobj|iobj|pobjofOPINION/COMM?

isCANDprecededbyaccordingto?(Choietal.,2005)

does CANDcontainpossessiveandisfollowedby OPIN-
ION/COMM?(Choietal.,2005)

isCANDprecededbybywhichisattachedtoOPINION/COMM?
(Choietal.,2005)

predicate-argumentpairsinwhichCANDoccurs

lemma/part-of-speechtag/subcategorizationframe/voiceofnearest
predicate

isnearestpredicateOPINION/COMM?

doesCANDprecede/follownearestpredicate?

wordsbetweennearestpredicateandCAND(bagofwords)

part-of-speechsequencebetweennearestpredicateandCAND

constituencypath/grammaticalrelationpathfrompredicateto
CAND

Table4:Manuallydesignedfeatureset.

5 Experiments

Weused 400documentsoftheMPQAcorpusfor
fve-foldcrossvalidationand133documentsasade-
velopmentset. Wereportstatisticalsignifcanceon
thebasisofapairedt-testusing0.05asthesignif-
icancelevel. Allexperimentsweredonewiththe
SVM-Light-TKtoolkit7. Weevaluatedonthebasis
ofexactphrasematching. Wesetthetrade-offpa-
rameterj=5forallfeaturesets.Forthemanual
featuresetweusedapolynomialkernelofthirdde-
gree.Thesetwocriticalparametersweretunedon
thedevelopmentset. Asfarasthesequenceand
treekernelsareconcerned,weusedtheparameter
settingsfromMoschitti(2008),i.e.λ=0.4and
µ=0.4.Kernelswerecombinedusingplainsum-
mation.ThedocumentswereparsedusingtheStan-
fordParser(Kleinand Manning,2003). Named-
entityinformationwasobtainedbytheStanfordtag-
ger(Finkeletal.,2005).Semanticroleswereob-
tainedbyusingtheparserbyZhangetal.(2008).
OpinionexpressionswereidentifedusingtheSub-
jectivityLexiconfromthe MPQAproject(Wil-
sonetal.,2005).Communicationwordswereob-
tainedbyusingtheAppraisalLexicon(Bloometal.,
2007).Nominalizationswererecognizedbylooking

relatestothecandidateopinionholder.
7availableatdisi.unitn.it/moschitti
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Figure2:IllustrationofthedifferentscopesonaCONSTAUG;nodesbelongingtothecandidateopinionholderare
markedwithCAND.

upnounsinNOMLEX(Macleodetal.,1998).

5.1 Notation

Each kernel is represented as a triple
levelOfRepresentation(Table1),Scope(Table3),typeOfKernel

(Table2),e.g.CONST,SENT,STK isaSubset
TreeKernelofaconstituencyparsehavingthe
scopeoftheentiresentence.Notethatnotallcom-
binationsofthesethreeparametersaremeaningful.
Inthefollowing,wewilljustfocusonimportant
andeffectivecombinations. Thekernelcomposed
ofmanuallydesignedfeaturesisdenotedbyjust
VK.Thekernelcomposedofpredicate-argument
structuresisdenotedbyPAS,SENT,PTK.

5.2 VectorKernel(VK)

ThefrstlineinTable7displaystheresultofthe
vectorkernelusingamanuallydesignedfeatureset.
Itshouldbeinterpretedasabaseline. Duetothe
highclassimbalancewewillfocusonthecompari-
sonofF(1)-Scorethroughoutthispaperratherthan
accuracywhichisfairlybiasedonthisdataset.The
F-Scoreofthisclassiferisat56.16%.

5.3 SequenceKernels(SKs)

Forbothsequenceandtreekernelsweneedtofnd
outwhatthebestscopeis,whetheritisworthwhile
tocombinedifferentscopesandwhatdifferentlay-
ersofrepresentationcanbeusefullycombined.
TheupperpartofTable5liststheresultsofsimple

wordkernelsusingthedifferentscopes.Theperfor-

manceofthekernelsusingindividualscopesvaries
greatly.ThebestscopeisPRED(1),thesecond
bestisSEM(2).ThegoodperformanceofPRED
doesnotcomeasasurprisesincethesequenceisthe
smallestamongthedifferentscopes,sothisscopeis
leastaffectedbydatasparseness.Moreover,thisre-
sultisconsistentwithourinitialexperimentsonthe
manualfeatureset(seeSection4.5).

Usingdifferentcombinationsofthewordse-
quencekernelsshowsthatPREDandSEM(6)
areagoodcombination,whereasOP,COMM,
andSENT(7;8;9)donotpositivelycontributeto
theoverallperformancewhichisconsistentwhich
theindividualscopeevaluation. Apparently,these
scopescapturelesslinguisticallyrelevantstructure.

ThenextpartofTable5showsthecontributionof
POSkernelswhenaddedtoWRDkernels.Adding
thecorrespondingPOSkerneltotheWRDkernel
withPREDscope(10)resultsinanimprovement
bymorethan5%inF-Score. Wegetanotherim-
provementbyapprox.3%whenthecorresponding
SEMkernels(11)areadded. Thissuggeststhat
POSisaneffectivegeneralizationandthatthetwo
scopesPREDandSEMarecomplementary.

FortheGRAMWRD kernel,thePREDscope
(12)isagainmosteffective.Weassumethatthisker-
nelmostlikelyexpressesmeaningfulsyntacticrela-
tionshipsforourtask.AddingtheGRAMPOSker-
nel(14)givesanotherboostbyalmost4%.

Generalizedsequencekernelsareimportant.
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AddingthecorrespondingWRDGN kernelstothe
WRDkernelwithPREDandSEMscoperesults
inanimprovementfrom47.77%(1)to53.00%(15)
whichisabitlessthanthecombinationofWRD
andPOS(GN)kernels(16).However,thesetypesof
kernelsseemtobecomplementarysincetheircom-
binationprovidesanF-Scoreof56.06%(17).This
kernelcombinationalreadyperformsonaparwith
themanuallydesignedvectorkernelthoughlessin-
formationistakenintoconsideration.
Finally,thebestcombinationofsequenceker-

nels(18)comprisesWRD,WRDGN,POS,and
POSGN kernelswithPREDandSEMscope
combinedwithaGRAMWRD andaGRAMPOS
kernelwithPREDscope. Theperformanceof
58.70%signifcantlyoutperformsthevectorkernel.

5.4 TreeKernels(TKs)

Table6showstheresultsofthedifferenttreeker-
nels. Thetableisdividedintotwohalves. The
lefthalf(A)areplaintreekernels,whereastheright
half(B)aretheaugmentedtreekernels. Asfaras
CONSTkernelsareconcerned,thereisasystem-
aticimprovementbyapproximately2%usingtree
augmentation.Thisprovesthatfurthernon-syntactic
knowledgeaddedtothetreeitselfresultsinanim-
provedF-Score. However,treeaugmentationdoes
nothaveanyimpactonthePASkernels.

Theoverallperformanceofthetreekernelsshows
thattheyaremuchmoreexpressivethansequence
kernels.Forinstance,inordertoobtainthesame
performanceasof CONSTAUG,PRED,STK
(19B),i.e.asinglekernelwithanF-Score56.52,it
requiresseveralsequencekernels,hencemuchmore
effort.TheperformanceofthedifferentCONST
kernelsrelativetoeachotherresemblestheresults
oftheWRD kernels. ThebestscopeisPRED
(19).Byfartheworstperformanceisobtainedby
theSENTscope(23).ThecombinationofPRED
andSEMscopeachievesanF-Scoreof59.67%
(25B)whichisalreadyslightlybetterthanthebest
confgurationofsequencekernels(18).
TheperformanceofthePASkernel(28A)with

anF-Scoreof53.51%isslightlyworsethanthebest
singleplainCONSTkernel(19A).ThePASker-
nelandtheCONSTkernelsarecomplementary,
sincetheirbestcombination(29B)achievesanF-
Scoreof61.67%whichissignifcantlybetterthan

Combination Acc. Prec. Rec. F1

VK 93.63 53.28 59.37 56.16

bestSKs 94.21 57.64 59.81 58.70

bestTKs 94.16 56.18 68.36 61.67∗

VK+bestSKs 94.34 58.44 61.27 59.82∗

VK+bestTKs 94.33 57.41 68.03 62.27∗

bestSKs+bestTKs 94.49 59.22 63.96 61.49∗

VK+bestSKs+bestTKs 94.53 59.10 66.57 62.61∗†

Table7:Resultsofkernelcombinations(∗:signifcantly
betterthanbestSKs;†:signifcantlybetterthanbestTKs;
allconvolutionkernelsaresignifcantlybetterthanVK).

thebestcombinationofCONSTkernels(25B)or
sequencekernels(18).

5.5 Combinations

Table7liststheresultsofthedifferentkerneltype
combinations.IfVKisaddedtothebestTKs,the
bestSKs,orboth,aslightincreaseinF-Scoreis
achieved.ThebestperformancewithanF-Scoreof
62.61%isobtainedbycombiningallkernels.

6 Conclusion

Inthispaper,wecomparedconvolutionkernelsfor
opinionholderextraction. Weshowedthat,ingen-
eral,acombinationoftwoscopes,namelythescope
immediatelyencompassingthecandidateopinion
holderanditsnearestpredicateandthesubclause
containingthecandidateopinionholderprovidebest
performance.Treekernelscontainingconstituency
parseinformationandsemanticrolesachievebetter
performancethansequencekernelsorvectorkernels
usingamanuallydesignedfeatureset.Bestperfor-
manceisachievedifallkernelsarecombined.
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ID Kernel Acc. Prec. Rec. F1

1 WRD,PRED,SK 93.25 51.08 42.29 46.26

2 WRD,OP,SK 92.77 46.38 32.52 38.21

3 WRD,COMM,SK 92.42 43.70 35.99 39.46

4 WRD,SEM,SK 93.16 50.32 34.65 41.04

5 WRD,SENT,SK 90.60 29.90 27.29 28.53

6 WRD,PRED,SK + WRD,SEM,SK 93.78 56.55 41.36 47.77

7
P
j∈{PRED,OP,COMM}WRD,j,SK 93.55 54.26 39.50 45.71

8
P
j∈Scopes\SENT WRD,j,SK 93.82 57.21 40.28 47.26

9
P
j∈ScopesWRD,j,SK 93.63 55.15 39.52 46.03

10 WRD,PRED,SK + POS,PRED,SK 93.03 49.39 53.53 51.37

11
P
i∈{PRED,SEM}(WRD,i,SK + POS,i,SK) 93.86 55.60 53.22 54.38

12
P
i∈{PRED,SEM}WRD,i,SK + GRAMWRD,PRED,SK 94.01 58.19 45.88 51.29

13
P
i∈{PRED,SEM}WRD,i,SK +

P
j∈{PRED,OP,COMM}GRAMWRD,j,SK 93.83 56.28 45.64 50.40

14
X

i∈{PRED,SEM}

WRD,i,SK +GRAMWRD,PRED,SK+GRAMPOS,PRED,SK 93.98 56.59 53.92 55.21

15
P
i∈{PRED,SEM}(WRD,i,SK + WRDGN,i,SK) 93.97 57.08 49.46 53.00

16
P
i∈{PRED,SEM}(WRD,i,SK + POSGN,i,SK) 93.97 56.60 52.42 54.42

17
X

i∈{PRED,SEM}

(WRD,i,SK + WRDGN,i,SK+ POS,i,SK + POSGN,i,SK) 93.85 55.16 57.00 56.06

18

X

i∈{PRED,SEM}

(WRD,i,SK + WRDGN,i,SK+ POS,i,SK + POSGN,i,SK)
94.21 57.64 59.81 58.70

+GRAMWRD,PRED,SK+ GRAMPOS,PRED,SK

Table5:Resultsofthedifferentsequencekernels.

A B

i=CONST,j=PAS i=CONSTAUG,j=PASAUG

ID Kernel Acc. Prec. Rec. F1 Acc. Prec. Rec. F1

19 i,PRED,STK 92.89 48.68 62.34 54.67 93.12 49.99 65.04 56.52

20 i,OP,STK 93.04 49.49 54.71 51.96 93.27 50.93 59.06 54.68

21 i,COMM,STK 92.76 47.79 55.89 51.50 92.96 49.03 58.85 53.47

22 i,SEM,STK 93.70 54.40 52.13 53.23 93.90 55.47 56.59 56.03

23 i,SENT,STK 92.42 44.34 39.92 41.99 92.50 45.20 42.40 43.74

24
P
k∈{PRED,OP,COMM}i,k,STK 93.62 53.26 60.05 56.44 93.77 54.06 63.21 58.26

25
P
k∈{PRED,SEM}i,k,STK 93.90 55.26 59.50 57.30 94.13 56.57 63.12 59.67

26
P
k∈Scopes\SENT i,k,STK 94.09 56.65 59.68 58.11 94.21 57.21 62.61 59.80

27
P
k∈Scopesi,k,STK 94.14 57.41 57.88 57.63 94.29 58.11 61.10 59.56

28 j,SENT,PTK 92.11 45.02 69.96 53.51 91.92 44.27 67.39 53.43

29
X

k∈{PRED,SEM}

i,k,STK+ PAS,SENT,PTK 94.05 55.68 66.01 60.40 94.16 56.18 68.36 61.67

30
X

k∈Scopes\SENT

i,k,STK+ PAS,SENT,PTK 94.30 57.95 62.62 60.19 94.36 58.07 64.94 61.31

Table6:Resultsofthedifferenttreekernels.
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