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Abstract

Lexical featuresare key to mary ap-
proachego sentimentanalysisand opin-
ion detection A variety of representations
have beenused, including single words,
multi-word Ngrams,phrasesand lexico-
syntacticpatterns.In this paper we usea
subsumptiorhierarchy to formally de ne
differenttypesof lexical featuresandtheir
relationshipto one anothey bothin terms
of representationatoverageand perfor
mance. We use the subsumptiorhierar
chy in two ways: (1) as an analytictool
to automaticallyidentify comple features
that outperformsimpler features,and (2)
to reducea featureset by removing un-
necessaryeatures. We show that reduc-
ing the featuresetimproves performance
onthreeopinionclassi cationtasks,espe-
cially whencombinedwith traditionalfea-
ture selection.

1 Intr oduction

Sentimentanalysisandopinionrecognitionareac-
tive researchareasthat have mary potentialap-
plications,including review mining, productrep-
utation analysis,multi-documentsummarization,
and multi-perspectie questionanswering. Lexi-
calfeaturesarekey to mary approachesgndava-
riety of representationsave beenused,including
single words, multi-word Ngrams, phrases,and
lexico-syntacticpatterns. It is commonfor dif-
ferentfeaturesto overlap representationally For
example,the unigram“happy” will matchall of
the texts that the bigram “very happy” matches.
Sincebothfeaturegepresent positive sentiment
and the bigram matchesfewer contets than the
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unigram,it is probablysufcient justto have the
unigram. However, thereare mary caseswhere
afeaturecapturesa subtletyor non-compositional
meaninghatasimplerfeaturedoesnot. For exam-
ple, “basket case”is a highly opinionatedphrase,
but the words “basket” and “case” individually
arenot. An openquestionin opinion analysisis
how often more comple featurerepresentations
areneededandwhich typesof featuresare most
valuable. Our rst goalis to devise a methodto
automaticallyidentify featuresthat are represen-
tationally subsumedy a simplerfeaturebut that
arebetteropinionindicators.Thesesubjectve ex-
pressiongouldthenbeaddedo asubjectvity lex-
icon (EsuliandSebastiani2005),andusedto gain
understandingboutwhich typesof comple fea-
turescapturemeaningfulexpressionghatareim-
portantfor opinionrecognition.

Marny opinion classi ers are createdby adopt-
ing a“kitchen sink” approactihatthrows together
a variety of features. But in mary casesadding
nev types of featuresdoesnot improve perfor
mance.For example,Pangetal. (2002)foundthat
unigrams outperformedbigrams, and unigrams
outperformedthe combinationof unigramsplus
bigrams.Oursecondjoalis to automaticallyiden-
tify featuresthatare unnecessarpecausesimilar
featuregrovide equalor bettercoverageanddis-
criminatory value. Our hypothesisis that a re-
ducedfeatureset,which selectvely combinesun-
igramswith only the mostvaluablecomple fea-
tures,will performbetterthana largerfeatureset
thatincludestheentire“kitchen sink” of features.

In this paper we explore the useof a subsump-
tion hierarchy to formally de ne the subsump-
tion relationshipsbetweendifferenttypesof tex-
tual features. We usethe subsumptiorhierarcly
in two ways. First, we usesubsumptiorasanan-



alytic tool to comparefeaturesof differentcom-
plexities and automaticallyidentify comple fea-
tures that substantiallyoutperformtheir simpler
counterpartsSecondwe usethe subsumptiorhi-
erarcly to reducea featuresetbasedon represen-
tationaloverlapandon performance We conduct
experimentswith threeopiniondatasetsandshowv
thatthe reducedeaturesetscanimprove classi -
cationperformance.

2 The SubsumptionHierar chy

2.1 TextRepresentations

We analyzetwo featurerepresentationthat have
beenusedfor opinion analysis: Ngramsand Ex-
traction Patterns. Information extraction (IE)
patterns are lexico-syntactic patternsthat rep-
resentexpressionswhich identify role relation-
ships. For example, the pattern “ <subp
ActVP(ecommended)”extracts the subject of
active-wiceinstance®f theverb“recommended”
as the recommender The pattern “ <subp
PassVP(ecommended)’extracts the subject of
passve-wice instancef “recommendedasthe
objectbeingrecommended.

(Riloff and Wiebe, 2003) explored the idea
of using extraction patternsto representmore
comple subjectve expressionsthat have non-
compositionameaningsFor example theexpres-
sion“drive (someoneyp thewall” expresseshe
feeling of beingannged, but the meaningsof the
words“drive”, “up”, and“wall” have noemotional
connotationdndividually. Furthermore this ex-
pressionis nota x edword sequencehatcanbe
adequatelynodeledby Ngrams.Any nounphrase
canappeabetweerthewords“drive' and“up”, so
a exible representatiolis neededo capturethe
generabattern‘drives < NP> upthewall”.

Thisexamplerepresentageneraphenomenon:

mary expressionsllow interveningnounphrases
and/ormodifying terms.For example:

“steppedon < mods> toes”
Ex: steppedntheboss'toes

“dealt<np> <mods> blow”
Ex: dealtthe companya decisiveblow

“brought< np> to <mods> knees”
Ex: broughtthemanto hisknees

(Riloff and Wiebe, 2003) also shaved that syn-
tactic variationsof the sameverb phrasecan be-

haveverydifferently Forexample they foundthat
passve-wice constructionf the verb “ask” had
a 100% correlationwith opinion sentencesbut
active-wice constructionshad only a 63% corre-
lation with opinions.

Pattern Type
<subp PassVP
<subp ActVP
<subp ActVP Dobj
<subp ActinfVP
<subp PassInfvVP
<subp AuxVP Dobj
<subp AuxVP Adj

Example Pattern
<subp is satis ed
<subp complained
<subp dealtblow
<subp appeato be
<subp is meantto be
<subp hasposition
<subp ishappy

ActVP <dobjp endorsed dobp
InfVP < dobjp> to condemrx dobp
ActIinfVP < dobp getto know < dobp
PassInfVP< dobj> is meantto be< dobp
SubjAuxVP <dobp factis <dobp

NP Prep< np> opinionon< np>
ActVP Prep< np> agreeswith < np>
PassVPPrep< np> is worriedabout< np>

InfVP Prep< np>
<possessie> NP

to resortto < np>
<nourr 'sspeech

Figurel: ExtractionPatternTypes

Our goal is to usethe subsumptiorhierarcty
to identify Ngramand extraction patternfeatures
that are more strongly associatedvith opinions
thansimplerfeatures.We usedthreetypesof fea-
turesin our research:unigrams,bigrams,andE
patterns.The Ngramfeatureswere generatedis-
ing the Ngram StatisticsPadkage (NSP) (Baner
jee and Pedersen2003)! The extraction pat-
terns (EPs) were automatically generatedusing
the Sundance/AutoSlogoftware package(Riloff
and Phillips, 2004). AutoSlogrelieson the Sun-
danceshallov parserandcanbe appliedexhaus-
tively to atext corpusto generatdE patternghat
canextract every nounphrasein the corpus. Au-
toSlog hasbeenusedto learn IE patternsfor the
domainsof terrorism,joint ventures,and micro-
electronics(Riloff, 1996),aswell asfor opinion
analysigRiloff andWiebe,2003).Figurel shavs
the 17 typesof extraction patternsthat AutoSlog
generates. PassVPrefersto passie-wice verb
phrasegVPs), ActVP refersto active-wice VPs,
InfVP refersto in niti ve VPs, and AuxVP refers

INSP is freely available for use under the GPL from
http://search.cpan.gfdist/Text-NSP We discardedNgrams

that consistedentirely of stopwords. We useda list of 281
stopwords.



to VPswherethe main verbis a form of “to be”
or “to have”. Subjectqsubj),directobjects(dobj),
PP objects(np), andpossessiescanbe extracted
by the patterns>

2.2 The SubsumptionHierar chy

We createda subsumptiorhierarchy that de nes
therepresentationalcopeof differenttypesof fea-
tures. We will saythatfeatureA representation-
ally subsumedgeatureB if the setof text spans
thatmatchfeatureA is asupersetf the setof text
spanghatmatchfeatureB . For example,the uni-
gram“happy” subsumeshebigram“very happy”
becausehe setof text spansthat match“happy”
includesthetext spanghatmatch“very happy”.

First, we de ne a hierarcly of valid subsump-
tion relationshipsshavn in Figure2. The 2Gram
node,for example,is a child of the 1Gramnode
because 1Gramcansubsume 2Gram. Ngrams
may subsumeextraction patternsas well. Ev-
ery extractionpatternhasat leastonecorrespond-
ing 1Gramthat will subsumat.3. For example,
the 1Gram“recommended’subsumeshe pattern
“<subp ActVP(recommended}ecausé¢hepat-
tern only matchesactive-wice instancesof “rec-
ommended”. An extraction pattern may also
subsumeanotherextraction pattern. For exam-
ple, “<subp ActVP(recommended)’subsumes
“<subp ActVP(recommended)obj(movie)”.

To comparespeci ¢ featureswe needto for-
mally de ne the representatiorof eachtype of
featurein the hierarcly. For example,the hierar
chy dictateghata 2Gramcansubsumehe pattern
“ActinfVP <dobp ", but this shouldhold only if
the words in the bigram correspondo adjacent
wordsin the pattern.For example,the 2Gram*“to
sh” subsumeshe pattern“ActinfVP(liketo sh)
<dobp". Butthe2Gram‘lik e sh” shouldnot
subsumeit. Similarly, considerthe pattern“In-
fVP(plan) <dobp ", which representshe in ni-
tive “to plan”. This patternsubsumeshe pattern
“ActinfVP(wantto plan) <dobp ", but it should
notsubsumehe pattern‘ActinfVP(planto start)”.

To ensurethat differentfeaturestruly subsume
eachotherrepresentationallywe formally de ne
eachtype of featurebasedon words, sequential

2However, the itemsextractedby the patternsarenot ac-
tually usedby our opinionclassi ers;only the patternghem-
selvesarematchedagpinstthetext.

3Becausevery type of extraction patternshovn in Fig-
ure 1 containsat leastoneword (notincluding the extracted
phraseswhich arenotusedaspartof our featurerepresenta-
tion).

dependenciesand syntacticdependenciesA se-
guentialdependencpetweenwordsw; andw;.1

meanghatw; andw;.; mustbeadjacentandthat
w; mustprecedew;.; . Figure3 shavs theformal
de nition of abigram(2Gram)node. The bigram
is de ned astwo wordswith a sequentiadepen-
deng indicatingthatthey mustbe adjacent.

Name= 2Gram
Constituent[0F WORD1
Constituent[1F WORD2
Dependeng = Sequential(01)

Figure3: 2GramDe nition

A syntacticdependencpetweenwordsw; and
Wwi+1 meansthatw; hasa speci ¢ syntacticrela-
tionshipto w;j+1, andw; mustprecedew;.1 . For
example,considertthe extractionpattern‘NP Prep
<np>", in which the objectof the prepositionat-
tachego the NP. Figure4 shaws the de nition of
this extraction patternin the hierarcly. The pat-
ternitself containsthreecomponentsthe NP, the
attachingprepositionandthe objectof the prepo-
sition (which is the NP that the patternextracts).
The de nition alsoincludestwo syntacticdepen-
dencies:the rst dependengis betweenthe NP
andthe preposition(meaningthat the preposition
syntacticallyattachego the NP), while thesecond
dependengis betweertheprepositiorandthe ex-
traction(meaninghatthe extractedNP is thesyn-
tacticobjectof the preposition).

Name= NP Prep < np>
Constituent[OF NP
Constituent[1F PREP
Constituent[2F NP_LEXTRACTION
Dependeng = Syntactic(0,1)
Dependeng = Syntactic(12)

Figure4: “NP Prep<np>" PatternDe nition

Consequentlythe bigram*“affair with” will not
subsumeéheextractionpatterr‘affair with < np>"
becaus¢hebigramrequireshe nounandpreposi-
tion to beadjacenbut thepatterndoesnot. For ex-
ample,the extractionpatternmatcheghetext “an
affair in his mindwith Countes®lenska”but the
bigramdoesnot. Corversely the extraction pat-
tern doesnot subsumehe bigram eitherbecause
the patternrequiressyntacticattachmentut the
bigramdoesnot. For example thebigrammatches



<subj> ActVP

<subj> ActVP Dobj

(o =

<possessive> NP
<subj> AuxV P Dobj
ActVP <dobj>
ActVP Prep <np>
NP Prep <np>

PassVP Prep <np>

"NO‘

Subj AuxV P <dobj>

<subj> ActinfVP

PassV P Prep:OF <np>
®/ InfVP Prep:OF <np>
\ ActInfVP <dobj>

InfVP <dobj>
Pass|nfV P <dobj>
ActVP Prep:OF <np>

<subj> PassinfvP

Figure2: The SubsumptiorHierarcly

the sentencéHe endedthe affair with a senseof
relief”, but theextractionpatterndoesnot.

Figure 5 shaws the de nition of anotherex-
tractionpattern,‘InfVP < dobp ", whichincludes
both syntacticand sequentialependenciesThis
pattern would match the text “to protest high
taxes”. The patternde nition hasthree compo-
nents:thein niti ve“to”, averb,andthedirectob-
ject of the verb (which is the NP that the pattern
extracts). The de nition also shows two syntac-
tic dependenciesThe rst dependengindicates
thattheverbsyntacticallyattachego thein niti ve
“to”. Thesecondlependengindicateghattheex-
tractedNP syntacticallyattachedo theverb (i.e.,
it is thedirectobjectof thatparticularverb).

The patternde nition alsoincludesa sequen-
tial dependeng which speci esthat“to” mustbe
adjacento theverh Strictly speakingour parser
doesnot requirethemto be adjacent. For exam-
ple, the parserallows interveningadverbsto split
in niti ves(e.g.,“to strongly protesthigh taxes”),
and this doeshappenoccasionally But split in-

niti ves are relatively rare, so in the vast major
ity of caseghe in niti ve “to” will be adjacento
theverh Consequentlywe decidedthata bigram
(e.g.,“to protest”) shouldrepresentationallgub-
sumethis extraction patternbecausehe syntac-
tic exibility afforded by the patternis negligi-
ble. The sequentialdependeng link represents

this judgmentcall thatthe in niti ve “to” andthe
verbareadjacenin mostcases.

For all of thenodede nitions, we usedour best
judgmentto malke decisionof thiskind. We tried
to represenmajor distinctionsbetweenfeatures,
withoutgettingcaughtupin minordifferenceshat
werelikely to benggligible in practice.

Name= InfVP < dobj>
Constituent[OF INFINITIVE _TO
Constituent[1F VERB
Constituent[2F DOBJEXTRACTION
Dependeng = Syntactic(0,1)
Dependeng = Syntactic(12)
Dependeng = Sequential(01)

Figure5: “InfVP <dobjp " PatternDe nition

To use the subsumptionhierarcly, we assign
eachfeatureto its appropriatenodein the hierar
chy basedon its type. Thenwe performa top-
down breadth- rsttraversal. Eachfeatureis com-
paredwith the featuresat its ancestomodes. If
afeatures wordsanddependenciearea superset
of an ancestos wordsand dependencieghenit
is subsumedy the (more general)ancestorand
discarded. Whenthe subsumptiorprocesss n-
ished, a featureremainsin the hierarcty only if

“Thewordsthatthey have in commonmustalsobein the
samerelative order



thereareno featuresabove it thatsubsumet.

2.3 Performance-basedSubsumption

Representationadubsumptionis concernedwith
whetheronefeatureis moregeneratthananother
But the purposeof using the subsumptionhier
arcly is to identify more complex featuresthat
outperformsimplerones. Applying the subsump-
tion hierarcly to featureswithout regard to per
formancewould simply eliminateall featureshat
have amoregenerakcounterpartn thefeatureset.
For example, all bigramswould be discardedif
theircomponentnigramswerealsopresentin the
hierarcly.

To estimatethe quality of a feature,we useln-
formationGain (IG) becausehathasbeenshovn
to work well asametricfor featureselection(For-
man, 2003). We will say that feature A be-
haviorally subsumeseatureB if two criteriaare
met: (1) A representationallgubsumes , and(2)
IG(A) IG(B)- ,where isaparameterepre-
sentingan acceptablenagin of performancedif-
ference. For example,if =0 then condition (2)
meansthat feature A is just as valuableas fea-
ture B becausédts informationgainis the sameor
higher If > 0thenfeatureA is allowedto bealit-
tle worsethanfeatureB , but within anacceptable
mamgin. For example, =.000lmeanghatA'sin-
formationgain maybeupto .0001llowerthanB's
informationgain, andthatis consideredo be an
acceptabl@erformancaifference(i.e., A is good
enoughthat we are comfortablediscardingB in
favor of themoregenerafeatureA).

Note that basedon the subsumptiorhierarcly
shawvn in Figure 2, all 1Gramswill always sur
vive the subsumptiomprocesdecausehey cannot
be subsumedy ary othertypesof features.Our
goalis to identify complec featureghatareworth
addingto a setof unigramfeatures.

3 Data Sets

We usedthree opinion-relateddata setsfor our
analysesndexperimentsthe OP datasetcreated
by (Wiebeetal., 2004),the Polarity datasef cre-
atedby (PangandLee,2004),andtheMPQAdata
setcreatedby (Wiebeetal., 2005)® The OPand
Polarity datasetsinvolve document-lgel opinion
classi cation, while the MPQA datasetinvolves

SVersionv2.0,whichis availableat:
http://www.cs.cornell.edu/people/pabo/mie-review-data/

sentence-leel classi cation.

The OP dataconsistof 2,452documentgrom
thePennTreebanKMarcusetal.,1993).Metadata
tagsassignedy theWall StreetJournalde ne the
opinion/non-opiniorclassestheclassof any doc-
umentlabeledEditorial, Letterto the Editor, Arts
& Leisure Review, or Viewpointby the Wall Street
Journalis opinion andthe classof documentsn
all other categories(suchas Businessand News)
is non-opinion This datasetis highly skewed,
with only 9% of the documentselongingto the
opinionclass.Consequentlyatrivial (but useless)
opinionclassi erthatlabelsall document&snon-
opinionarticleswould achieve 91%accurag.

The Polarity dataconsistsof 700 positive and
700 negative reviews from the Internet Movie
Databas€IMDb) archive. The positive andneg-
ative classesverederived from authorratingsex-
pressedn starsor numericalvalues. The MPQA
dataconsistsof Englishlanguageversionsof ar-
ticles from the world press. It contains9,732
sentenceshat have beenmanuallyannotatedor
subjectve expressions.The opinion/non-opinion
classesare derived from the lower-level annota-
tions: asentences anopinionif it containsa sub-
jective expressionof mediumor higherintensity;
otherwisejt is anon-opinionsentence55%of the
sentencebelongto theopinionclass.

4 Usingthe SubsumptionHierar chy for
Analysis

In this section, we illustrate how the subsump-
tion hierarcly canbe usedas an analytictool to
automaticallyidentify featuresthat substantially
outperformsimpler counterparts. Thesefeatures
represenspecializedusagesand expressionghat
would be good candidatedor additionto a sub-
jectivity lexicon. Figure6 shaws pairsof features,
wherethe rst is moregeneralandthe secondis
morespeci c. Thesefeaturepairswereidenti ed
by the subsumptiorhierarcly asbeingrepresenta-
tionally similar but behaiorally different(so the
more speci ¢ featurewas retained). The I1Gain
column shaws the information gain values pro-
ducedfrom thetrainingsetof onecross-alidation
fold. The Classcolumnshaws the classthat the
morespeci ¢ featureis correlatedwith (the more
generalfeatureis usually not strongly correlated
with eitherclass).

Thetoptablein Figure6 containsexamplesfor

®Availableathttp://www.cs.pitt.edu/mpga/databasereleasdhe opinion/non-opinionclassi cation task from



Opinion/Non-Opinion Classi cation

ID Feature IGain | Class | Example
A line .0016 | - ...issueconsistof noteshacledby creditline recevables
A, theline .0075 | opin | ...laysit ontheline; ...stepsacrosgheline

B nation .0046 | - ...has750,000cable-tvsubscriberaroundthe nation

B> anation .0080 | opin | It'snotthatwe arespavninga nationof ascetics..

Ci begin .0006 | - Campeatbuyerswill begin writing orders...

Cz begin with .0036 | opin | To beagin with, we shouldnotethatin contrast...

D1 bene ts .0040 | - ...earlierperiodincluded$235,000n taxbene ts

Der | NPPrep(bene t30) .0090 | opin | ...boonto therich with noprovenbene tsto theeconomy
Ei due .0001 | - ...anestimateds 1.23billion in debtduenext spring
Eep | ActVP Prep(dudo) .0038 | opin | It'sall dueto theintensescrultiry...

Positive/Negative SentimentClassi cation

ID Feature IGain | Class | Example

F1 short .0014 | - to malke along storyshort..

Fa nothingshort .0039 | pos nothingshortof spectacular

G: ugly .0008 | - ...anugly monstemn acruiseliner

G, andugly .0054 | ngy it'sadisappointmento seesomethinghis dumbandugly
H1 disaster .0010 | - ...ratedpg-13for disasterrelatedelements

Hepr | AuxVP Dobj(bedisaster) .0048 | neg ...thisis sucha confusedlisasterof a Im

I1 work .0002 | - thenext dayduringthedrive to work...

lep ActVP(work) .0062 | pos the Im will work justaswell...

J1 manages .0003 | - hestill manayesto nd time for his wife

Jep ActinfVP(manageso keep) | .0054 | pos this Im manayesto keepup arapidpace

Figure6: Samplefeatureghatbehae differently asrevealedby the subsumptiorhierarcly.
(1) unigram;2) bigram;EP) extractionpattern)

the OP data. The morespeci c featuresaremore
stronglycorrelatedwith opinionarticles. Surpris-
ingly, simplyaddingadeterminecandramatically
changebehaior. ConsiderA,. Thereare mary
subjectve idioms involving “the line” (two are
shawn in the table; othersinclude “toe theline”
and “dr aw the line”), while objectve language
aboutcreditlines,phonelines, etc. useshedeter
minerlessoften. Similarly, considerB,. Adding
“a” to “nation” often corresponds$o an abstract
referenceusedwhen making an agument(e.g.,
“a nation of ascetics’), whereasotherinstances
of “nation” areusedmoreliterally (e.g.,“the 6th
largestin the nation”). 21% of featureB;'s in-
stancesappearin opinion articles,while 70% of
featureB,'s instancesrein opinionarticles.

“Begin with” (C,) capturesanadwerbialphrase
usedin agumentation(“To begin with..”) but
does not match objective usagessuch as “will
begin” an action. The word “bene ts” alone
(D 1) matchegphrasedike“tax bene ts” and“em-
ployeebene ts” thatare not opinion expressions,
while Dgp typically matchespositve sensef
the word “bene ts”. Interestingly the bigram
“bene ts to” is not highly correlatedwith opin-
ions becauseit matchesin niti ve phrasessuch
as“tax bene tsto provide” and“health bene ts
to cut”. In this case,the extraction pattern“NP

Prep(bene tst0)” is morediscriminatingthanthe
bigramfor opinion classi cation. The extraction
patternEgp is alsohighly correlatedwith opin-
ions, while the unigram “due” and the bigram
“due to” arenot.

The bottom table in Figure 6 shows feature
pairsidenti ed for their behaioral differenceson
the Polarity dataset, wherethe taskis to distin-
guishpositive reviews from negative reviews. F»
and G, are bigramsthat behae differently from
theircomponentinigrams.The expressiornoth-
ing short (of)” is typically usedto expressposi-
tive sentimentswhile “nothing” and“short” by
themselesarenot. Theword “ugly” is oftenused
as a descriptve modi er that is not expressing
a sentimentper se, while “and ugly” appearsn
predicateadjective constructionghatareexpress-
ing a negative sentiment. The extraction pattern
Hep is morediscriminatorythan H; becausat
distinguishesnggative sentimentg“the Im is a
disaster!”) from plot descriptiong(“the disaster
movie..”). | gp shaws thatactive-wice usagef
“work” are strong positive indicators, while the
unigram“work” appearsn a variety of both pos-
itive and negative contexts. Finally, Jgp shawvs
thatthe expressiorifmanagesto keep” is a strong
positive indicator while “manages” by itelf is
muchlessdiscriminating.



Theseexamplesillustrate that the subsumption
hierarcly canbe a powerful tool to betterunder
standthe behaiors of differentkinds of features,
andto identify speci c featureghatmaybe desir
ablefor inclusionin specializedexical resources.

5 Usingthe SubsumptionHierar chy to
ReduceFeature Sets

When creating opinion classi ers, people often
throw in a variety of featuresand trust the ma-
chinelearningalgorithmto gure outhow to make
the bestuseof them. However, we hypothesized
thatclassi ersmayperformbetterif we canproac-
tively eliminatefeatureshatarenot necesarye-
causethey aresubsumedby otherfeatures.in this
section,we presenta seriesof experimentgo ex-
plorethis hypothesis First, we presentheresults
for an SVM classi er trainedusingdifferentsets
of unigram, bigram, and extraction patternfea-
tures bothbeforeandaftersubsumptionNext, we
evaluatea standardfeatureselectionapproachas
an alternatve to subsumptiorandthenshaw that
combiningsubsumptiorwith standardeaturese-
lection produceghebestresultsof all.

5.1 Classi cation Experiments

To seewhetherfeaturesubsumptiorcanimprove
classi cation performance,we trained an SVM
classi er for eachof the threeopinion datasets.
We usedthe SVM'9Mt (Joachims1998) package
with alinearkernel. For the Polarityand OP data
we discardedhll featureghathave frequeng < 5,
andfor the MPQA datawe discardedeatureghat
have frequeny < 2 becausehis datasetis sub-
stantiallysmaller All of our experimentalresults
areaveragesver 3-fold cross-alidation.

First,we createdd baselineclassi ers:alGram
classi er that usesonly the unigram features;a
1+2Gramclassi er thatusesunigramandbigram
features;a 1+EP classi er thatusesunigramand
extractionpatternfeaturesanda 1+2+EP classi-
er thatusesall threetypesof features.Next, we
createdanalogousl+2Gram,1+ER and 1+2+EP
classi ers but applied the subsumptionhierar
chy rst to eliminate unnecessaryeaturesbe-
fore trainingthe classi er. We experimentedwith
three delta valuesfor the subsumptionprocess:

=.0005,.001,and.002.

Figures7, 8, and9 shaw theresults. The sub-
sumptionprocessproducedsmall but consistent
improvementnall 3 datasets.For example Fig-

ure 8 shaws theresultson the OP data,whereall
of theaccurag valuesproducedaftersubsumption
(the rightmost3 columns)are higherthanthe ac-
curag valuesproducedwithout subsumptior{the
Base[line]column).For all threedatasets thebest
overall accurag (shavn in boldface)wasalways
achieredaftersubsumption.

Features Base =.0005 =.001 =.002
1Gram 79.8

1+2Gram 81.2 81.0 81.3 81.0
1+EP 817 814 814 820
1+2+EP 81.7 823 823 827

Figure7: Accuracieson Polarity Data

Features Base =.0005 =.001 =.002
1Gram 97.5 - - -
1+2Gram 98.0 98.7 98.6 98.7
1+EP 97.2 978 979 979
1+2+EP 97.8 98.6 98.7 98.7
Figure8: Accuracieon OP Data

Features Base =.0005 =.001 =.002
1Gram 74.8

1+2Gram 74.3 749 746 74.8
1+EP 744 746 746 T74.6
1+2+EP 74.4 749 747 74.6

Figure9: Accuracieson MPQA Data

We also obsenred that subsumptiorhad a dra-
matic effect on the F-measurescoreson the OP
data,which areshowvn in Figure10. The OP data
setis fundamentallydifferentfrom the otherdata
setsbecausaet is so highly skewed, with 91% of
thedocumentdelongingto thenon-opinionclass.
Without subsumptionthe classi er was conser
vative aboutassigningdocumentgo the opinion
class, achieving F-measurescoresin the 82-88
range. After subsumptionthe overall accurag
improvedbut theF-measurscoresncreaseadnore
dramatically Thesenumbersshaowv that the sub-
sumptionprocessproducednot only a more ac-
curateclassi er, but a more useful classi er that
identi es more documentsas being opinion arti-
cles.

For the MPQA data, we get a very small im-
provementof 0.1%(74.8%! 74.9%)usingsub-
sumption. But note that without subsumptiorthe
performanceactuallydecreasewhenbigramsand



Features Base =.0005 =.001 =.002
1Gram 84.5

1+2Gram 88.0 925 920 923
1+EP 824 869 874 874
1+2+EP 86.7 918 925 923

Figure10: F-measuresn OP Data
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Figurell: FeatureSelectionon OP Data

extractionpatternsvereadded! The subsumption
procesgounteractedhe negative effect of adding
themorecomple features.

5.2 Feature SelectionExperiments

We conducteda secondseriesof experimentsto
determinewhethera traditional featureselection
approachwould producethe same,or better im-
provementsassubsumptionFor eachfeature we
computedits information gain (IG) andthen se-
lectedthe N featureswith the highestscores’ We
experimentedvith valuesof N rangingfrom 1,000
to 10,000in incrementof 1,000.

We hypothesizedhatapplyingsubsumptiore-
foretraditionalfeatureselectionmightalsohelpto
identify amorediversesetof high-performingea-
tures.In aparallelsetof experimentsye explored
this hypothesisby rst applying subsumptiorto
reducethe sizeof thefeatureset,andthenselect-
ing thebestN featuresusinginformationgain.

Figuresll, 12,and13 shav theresultsof these
experimentsfor the 1+2+EP classi ers. Each
graphshaws four lines. Oneline correspond$o
the baselineclassi er with no subsumptionand
anotherline correspondso the baselineclassi er
with subsumptiorusingthe best valuefor that
dataset. Eachof thesetwo lines correspondso

"In thecaseof ties,we includedall featureswith thesame
scoreasthe Nth-bestaswell.
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Figurel2: FeatureSelectionon Polarity Data
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Figurel3: FeatureSelectioron MPQA Data

just a single datapoint (accurag value), but we
drew thatvalueasa line acrossthe graphfor the
sale of comparison. The othertwo lines on the
graphcorrespondo (a) featureselectionfor dif-
ferentvaluesof N (shavn on the x-axis), and (b)
subsumptiorollowedby featureselectiorfor dif-
ferentvaluesof N.

On all 3 datasets,traditionalfeatureselection
performsworsethanthe baselinein somecases,
andit virtually never outperformsthe bestclassi-
er trainedafter subsumptior{but without feature
selection). Furthermorethe combinationof sub-
sumptiorplusfeatureselectiorgenerallyperforms
bestof all, andnearlyalwaysoutperformdeature
selectionalone. For all 3 datasets,our bestac-
curagy resultswere achieved by performingsub-
sumptionprior to featureselection.Thebestaccu-
ragy resultsare 99.0%on the OP data,83.1%on
the Polarity data,and 75.4%on the MPQA data.
For the OP data, the improvementover baseline
for both accurag and F-measurere statistically
signi cant atthep < 0.05level (pairedt-test).For
the MPQA data,theimprovementover baselinds



statisticallysigni cant atthep < 0.10level.

6 RelatedWork

Marny featuresand classi cation algorithmshave
beenexploredin sentimentanalysisand opinion
recognition. Lexical cuesof differing complexi-
ties have beenused,including single words and
Ngrams(e.qg.,(Mullen andCollier, 2004; Panget
al., 2002; Turngy, 2002; Yu andHatzivassiloglou,
2003; Wiebe et al., 2004)), as well as phrases
andlexico-syntactigatternge.g,(Kim andHovy,
2004; Hu and Liu, 2004; Popescuand Etzioni,
2005; Riloff and Wiebe, 2003; Whitelav et al.,
2005)). While mary of thesestudiesinvesticate
combinationsof featuresand feature selection,
this is the rst work that usesthe notion of sub-
sumptionto compareNgramsandlexico-syntactic
patternsto identify comple featuresthat outper
form simpler counterpartsand to reducea com-
binedfeaturesetto improve opinionclassi cation.

7 Conclusions

This paper uses a subsumptionhierarchy of
feature representationsas (1) an analytic tool
to compare features of different compleities,
and (2) an automatictool to remove unneces-
sary featuresto improve opinion classi cation
performance. Experimentswith three opinion
data setsshaved that subsumptioncan improve
classi cationaccurag, especiallywhencombined
with featureselection.
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