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Abstract

Lexical features are key to many ap-
proachesto sentimentanalysisand opin-
ion detection.A varietyof representations
have beenused, including single words,
multi-word Ngrams,phrases,and lexico-
syntacticpatterns.In this paper, we usea
subsumptionhierarchy to formally de�ne
differenttypesof lexical featuresandtheir
relationshipto oneanother, both in terms
of representationalcoverageand perfor-
mance. We use the subsumptionhierar-
chy in two ways: (1) as an analytic tool
to automaticallyidentify complex features
that outperformsimpler features,and (2)
to reducea featureset by removing un-
necessaryfeatures. We show that reduc-
ing the featureset improvesperformance
on threeopinionclassi�cationtasks,espe-
cially whencombinedwith traditionalfea-
tureselection.

1 Intr oduction

Sentimentanalysisandopinionrecognitionareac-
tive researchareasthat have many potentialap-
plications,including review mining, productrep-
utation analysis,multi-documentsummarization,
andmulti-perspective questionanswering. Lexi-
cal featuresarekey to many approaches,andava-
riety of representationshave beenused,including
single words, multi-word Ngrams,phrases,and
lexico-syntacticpatterns. It is commonfor dif-
ferent featuresto overlap representationally. For
example,the unigram“happy” will matchall of
the texts that the bigram “very happy” matches.
Sinceboth featuresrepresenta positive sentiment
and the bigram matchesfewer contexts than the

unigram,it is probablysuf�cient just to have the
unigram. However, thereare many caseswhere
a featurecapturesa subtletyor non-compositional
meaningthatasimplerfeaturedoesnot. Forexam-
ple, “basket case”is a highly opinionatedphrase,
but the words “basket” and “case” individually
arenot. An openquestionin opinion analysisis
how often more complex featurerepresentations
areneeded,andwhich typesof featuresaremost
valuable. Our �rst goal is to devise a methodto
automaticallyidentify featuresthat are represen-
tationally subsumedby a simplerfeaturebut that
arebetteropinionindicators.Thesesubjective ex-
pressionscouldthenbeaddedto asubjectivity lex-
icon(EsuliandSebastiani,2005),andusedto gain
understandingaboutwhich typesof complex fea-
turescapturemeaningfulexpressionsthatareim-
portantfor opinionrecognition.

Many opinion classi�ersarecreatedby adopt-
ing a“kitchensink” approachthatthrowstogether
a variety of features. But in many casesadding
new types of featuresdoesnot improve perfor-
mance.For example,Pangetal. (2002)foundthat
unigramsoutperformedbigrams, and unigrams
outperformedthe combinationof unigramsplus
bigrams.Oursecondgoalis to automaticallyiden-
tify featuresthat areunnecessarybecausesimilar
featuresprovide equalor bettercoverageanddis-
criminatory value. Our hypothesisis that a re-
ducedfeatureset,which selectively combinesun-
igramswith only the mostvaluablecomplex fea-
tures,will performbetterthana larger featureset
thatincludestheentire“kitchensink” of features.

In this paper, we exploretheuseof a subsump-
tion hierarchy to formally de�ne the subsump-
tion relationshipsbetweendifferent typesof tex-
tual features.We usethe subsumptionhierarchy
in two ways. First, we usesubsumptionasanan-



alytic tool to comparefeaturesof differentcom-
plexities andautomaticallyidentify complex fea-
tures that substantiallyoutperformtheir simpler
counterparts.Second,we usethesubsumptionhi-
erarchy to reducea featuresetbasedon represen-
tationaloverlapandon performance.We conduct
experimentswith threeopiniondatasetsandshow
that thereducedfeaturesetscanimprove classi�-
cationperformance.

2 The SubsumptionHierar chy

2.1 Text Representations

We analyzetwo featurerepresentationsthat have
beenusedfor opinion analysis:NgramsandEx-
traction Patterns. Information extraction (IE)
patterns are lexico-syntactic patterns that rep-
resentexpressionswhich identify role relation-
ships. For example, the pattern “ < subj>
ActVP(recommended)”extracts the subject of
active-voiceinstancesof theverb“recommended”
as the recommender. The pattern “ < subj>
PassVP(recommended)”extracts the subject of
passive-voice instancesof “recommended”asthe
objectbeingrecommended.

(Riloff and Wiebe, 2003) explored the idea
of using extraction patternsto representmore
complex subjective expressionsthat have non-
compositionalmeanings.For example,theexpres-
sion“drive (someone)up thewall” expressesthe
feelingof beingannoyed,but themeaningsof the
words“drive”, “up”, and“wall” havenoemotional
connotationsindividually. Furthermore,this ex-
pressionis not a �x edword sequencethat canbe
adequatelymodeledby Ngrams.Any nounphrase
canappearbetweenthewords“drive' and“up”, so
a �e xible representationis neededto capturethe
generalpattern“drives < NP> up thewall” .

Thisexamplerepresentsageneralphenomenon:
many expressionsallow interveningnounphrases
and/ormodifying terms.For example:

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

“dealt< np> < mods> blow”
Ex: dealtthecompanya decisiveblow

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

(Riloff and Wiebe, 2003) also showed that syn-
tactic variationsof the sameverb phrasecanbe-

haveverydifferently. Forexample,they foundthat
passive-voiceconstructionsof theverb “ask” had
a 100% correlationwith opinion sentences,but
active-voice constructionshadonly a 63% corre-
lationwith opinions.

Pattern Type ExamplePattern
< subj> PassVP < subj> is satis�ed
< subj> ActVP < subj> complained
< subj> ActVP Dobj < subj> dealtblow
< subj> ActInfVP < subj> appearto be
< subj> PassInfVP < subj> is meantto be
< subj> AuxVP Dobj < subj> hasposition
< subj> AuxVP Adj < subj> is happy
ActVP < dobj> endorsed< dobj>
InfVP < dobj> to condemn< dobj>
ActInfVP < dobj> getto know < dobj>
PassInfVP< dobj> is meantto be< dobj>
SubjAuxVP < dobj> factis < dobj>
NPPrep< np> opinionon< np>
ActVP Prep< np> agreeswith < np>
PassVPPrep< np> is worriedabout< np>
InfVP Prep< np> to resortto < np>
< possessive> NP < noun> 'sspeech

Figure1: ExtractionPatternTypes

Our goal is to use the subsumptionhierarchy
to identify Ngramandextractionpatternfeatures
that are more strongly associatedwith opinions
thansimplerfeatures.We usedthreetypesof fea-
turesin our research:unigrams,bigrams,andIE
patterns.The Ngramfeaturesweregeneratedus-
ing the Ngram StatisticsPackage (NSP) (Baner-
jee and Pedersen,2003).1 The extraction pat-
terns (EPs) were automaticallygeneratedusing
the Sundance/AutoSlogsoftwarepackage(Riloff
andPhillips, 2004). AutoSlogrelieson the Sun-
danceshallow parserandcanbe appliedexhaus-
tively to a text corpusto generateIE patternsthat
canextractevery nounphrasein the corpus.Au-
toSloghasbeenusedto learnIE patternsfor the
domainsof terrorism,joint ventures,and micro-
electronics(Riloff, 1996),aswell as for opinion
analysis(Riloff andWiebe,2003).Figure1 shows
the 17 typesof extractionpatternsthat AutoSlog
generates. PassVPrefers to passive-voice verb
phrases(VPs),ActVP refersto active-voice VPs,
InfVP refersto in�niti ve VPs, andAuxVP refers

1NSP is freely available for use under the GPL from
http://search.cpan.org/dist/Text-NSP. We discardedNgrams
that consistedentirely of stopwords. We useda list of 281
stopwords.



to VPs wherethe main verb is a form of “to be”
or “to have”. Subjects(subj),directobjects(dobj),
PPobjects(np), andpossessivescanbeextracted
by thepatterns.2

2.2 The SubsumptionHierar chy

We createda subsumptionhierarchy that de�nes
therepresentationalscopeof differenttypesof fea-
tures. We will saythat featureA representation-
ally subsumesfeatureB if the set of text spans
thatmatchfeatureA is asupersetof thesetof text
spansthatmatchfeatureB . For example,theuni-
gram“happy” subsumesthebigram“very happy”
becausethe setof text spansthat match“happy”
includesthetext spansthatmatch“veryhappy”.

First, we de�ne a hierarchy of valid subsump-
tion relationships,shown in Figure2. The2Gram
node,for example,is a child of the 1Gramnode
becausea 1Gramcansubsumea 2Gram.Ngrams
may subsumeextraction patternsas well. Ev-
ery extractionpatternhasat leastonecorrespond-
ing 1Gramthat will subsumeit.3. For example,
the 1Gram“recommended”subsumesthe pattern
“< subj> ActVP(recommended)”becausethepat-
tern only matchesactive-voice instancesof “rec-
ommended”. An extraction pattern may also
subsumeanotherextraction pattern. For exam-
ple, “< subj> ActVP(recommended)”subsumes
“< subj> ActVP(recommended)Dobj(movie)”.

To comparespeci�c featureswe needto for-
mally de�ne the representationof eachtype of
featurein the hierarchy. For example,the hierar-
chy dictatesthata2Gramcansubsumethepattern
“ActInfVP < dobj> ”, but this shouldhold only if
the words in the bigram correspondto adjacent
wordsin thepattern.For example,the2Gram“to
�sh” subsumesthepattern“ActInfVP(like to �sh)
< dobj> ”. But the 2Gram“lik e �sh” shouldnot
subsumeit. Similarly, considerthe pattern“In-
fVP(plan) < dobj> ”, which representsthe in�ni-
tive “to plan”. This patternsubsumesthe pattern
“ActInfVP(want to plan) < dobj> ”, but it should
notsubsumethepattern“ActInfVP(planto start)”.

To ensurethat differentfeaturestruly subsume
eachotherrepresentationally, we formally de�ne
eachtype of featurebasedon words, sequential

2However, the itemsextractedby thepatternsarenot ac-
tually usedby ouropinionclassi�ers;only thepatternsthem-
selvesarematchedagainstthetext.

3Becauseevery type of extractionpatternshown in Fig-
ure1 containsat leastoneword (not including theextracted
phrases,which arenot usedaspartof our featurerepresenta-
tion).

dependencies,andsyntacticdependencies.A se-
quentialdependencybetweenwordswi andwi +1

meansthatwi andwi +1 mustbeadjacent,andthat
wi mustprecedewi +1 . Figure3 shows theformal
de�nition of a bigram(2Gram)node.Thebigram
is de�ned astwo wordswith a sequentialdepen-
dency indicatingthatthey mustbeadjacent.

Name= 2Gram
Constituent[0]= WORD1
Constituent[1]= WORD2
Dependency = Sequential(0,1)

Figure3: 2GramDe�nition

A syntacticdependencybetweenwordswi and
wi +1 meansthat wi hasa speci�c syntacticrela-
tionshipto wi +1 , andwi mustprecedewi +1 . For
example,considertheextractionpattern“NP Prep
< np> ”, in which theobjectof theprepositionat-
tachesto theNP. Figure4 shows thede�nition of
this extractionpatternin the hierarchy. The pat-
tern itself containsthreecomponents:theNP, the
attachingpreposition,andtheobjectof theprepo-
sition (which is the NP that the patternextracts).
The de�nition alsoincludestwo syntacticdepen-
dencies:the �rst dependency is betweenthe NP
andthepreposition(meaningthat thepreposition
syntacticallyattachesto theNP),while thesecond
dependency is betweentheprepositionandtheex-
traction(meaningthattheextractedNPis thesyn-
tacticobjectof thepreposition).

Name= NP Prep< np>
Constituent[0]= NP
Constituent[1]= PREP
Constituent[2]= NP EXTRACTION
Dependency = Syntactic(0,1)
Dependency = Syntactic(1,2)

Figure4: “NP Prep< np> ” PatternDe�nition

Consequently, thebigram“affair with” will not
subsumetheextractionpattern“affairwith < np> ”
becausethebigramrequiresthenounandpreposi-
tion to beadjacentbut thepatterndoesnot. For ex-
ample,theextractionpatternmatchesthetext “an
affair in his mindwith CountessOlenska”but the
bigramdoesnot. Conversely, the extractionpat-
tern doesnot subsumethe bigrameitherbecause
the patternrequiressyntacticattachmentbut the
bigramdoesnot. For example,thebigrammatches



<subj> ActVP
<subj> ActInfVP

<subj> ActVP Dobj

<subj> PassVP

<subj> PassInfVP

InfVP <dobj>
ActInfVP <dobj>

PassInfVP <dobj>
1Gram

2Gram

<possessive> NP

<subj> AuxVP AdjP

<subj> AuxVP Dobj

ActVP <dobj>

ActVP Prep <np>

NP Prep <np>

PassVP Prep <np>

Subj AuxVP <dobj>

3Gram

ActVP Prep:OF <np>

InfVP Prep <np>

NP Prep:OF <np>

PassVP Prep:OF <np>
4Gram

InfVP Prep:OF <np>

Figure2: TheSubsumptionHierarchy

thesentence“He endedtheaffair with a senseof
relief” , but theextractionpatterndoesnot.

Figure 5 shows the de�nition of anotherex-
tractionpattern,“InfVP < dobj> ”, which includes
both syntacticandsequentialdependencies.This
pattern would match the text “to protest high
taxes”. The patternde�nition hasthreecompo-
nents:thein�niti ve “to”, averb,andthedirectob-
ject of the verb (which is the NP that the pattern
extracts). The de�nition alsoshows two syntac-
tic dependencies.The �rst dependency indicates
thattheverbsyntacticallyattachesto thein�niti ve
“to”. Theseconddependency indicatesthattheex-
tractedNP syntacticallyattachesto the verb (i.e.,
it is thedirectobjectof thatparticularverb).

The patternde�nition also includesa sequen-
tial dependency, which speci�esthat“to” mustbe
adjacentto theverb. Strictly speaking,our parser
doesnot requirethemto be adjacent.For exam-
ple, theparserallows interveningadverbsto split
in�niti ves(e.g.,“to stronglyprotesthigh taxes”),
and this doeshappenoccasionally. But split in-
�niti ves are relatively rare, so in the vast major-
ity of casesthe in�niti ve “to” will be adjacentto
theverb. Consequently, we decidedthata bigram
(e.g.,“to protest”) shouldrepresentationallysub-
sumethis extraction patternbecausethe syntac-
tic �e xibility afforded by the patternis negligi-
ble. The sequentialdependency link represents

this judgmentcall that the in�niti ve “to” andthe
verbareadjacentin mostcases.

For all of thenodede�nitions, weusedourbest
judgmentto make decisionsof this kind. We tried
to representmajor distinctionsbetweenfeatures,
withoutgettingcaughtupin minordifferencesthat
werelikely to benegligible in practice.

Name= InfVP < dobj>
Constituent[0]= INFINITIVE TO
Constituent[1]= VERB
Constituent[2]= DOBJ EXTRACTION
Dependency = Syntactic(0,1)
Dependency = Syntactic(1,2)
Dependency = Sequential(0,1)

Figure5: “InfVP < dobj> ” PatternDe�nition

To use the subsumptionhierarchy, we assign
eachfeatureto its appropriatenodein the hierar-
chy basedon its type. Then we perform a top-
down breadth-�rsttraversal.Eachfeatureis com-
paredwith the featuresat its ancestornodes. If
a feature's wordsanddependenciesarea superset
of an ancestor's wordsanddependencies,then it
is subsumedby the (more general)ancestorand
discarded.4 Whenthesubsumptionprocessis �n-
ished,a featureremainsin the hierarchy only if

4Thewordsthatthey have in commonmustalsobein the
samerelativeorder.



thereareno featuresabove it thatsubsumeit.

2.3 Performance-basedSubsumption

Representationalsubsumptionis concernedwith
whetheronefeatureis moregeneralthananother.
But the purposeof using the subsumptionhier-
archy is to identify more complex featuresthat
outperformsimplerones.Applying thesubsump-
tion hierarchy to featureswithout regard to per-
formancewould simply eliminateall featuresthat
have a moregeneralcounterpartin thefeatureset.
For example,all bigramswould be discardedif
theircomponentunigramswerealsopresentin the
hierarchy.

To estimatethequality of a feature,we useIn-
formationGain(IG) becausethathasbeenshown
to work well asametricfor featureselection(For-
man, 2003). We will say that feature A be-
haviorally subsumesfeatureB if two criteria are
met: (1) A representationallysubsumesB , and(2)
IG(A) � IG(B ) - � , where� is a parameterrepre-
sentinganacceptablemargin of performancedif-
ference. For example, if � =0 then condition (2)
meansthat featureA is just as valuableas fea-
tureB becauseits informationgain is thesameor
higher. If � > 0 thenfeatureA is allowedto bealit-
tle worsethanfeatureB , but within anacceptable
margin. For example,� =.0001meansthatA's in-
formationgainmaybeup to .0001lower thanB 's
informationgain, andthat is consideredto be an
acceptableperformancedifference(i.e.,A is good
enoughthat we are comfortablediscardingB in
favor of themoregeneralfeatureA).

Note that basedon the subsumptionhierarchy
shown in Figure 2, all 1Gramswill always sur-
vive thesubsumptionprocessbecausethey cannot
be subsumedby any othertypesof features.Our
goalis to identify complex featuresthatareworth
addingto asetof unigramfeatures.

3 Data Sets

We usedthree opinion-relateddata setsfor our
analysesandexperiments:theOPdatasetcreated
by (Wiebeet al., 2004),thePolarity dataset5 cre-
atedby (PangandLee,2004),andtheMPQAdata
setcreatedby (Wiebeet al., 2005).6 TheOPand
Polaritydatasetsinvolve document-level opinion
classi�cation, while the MPQA dataset involves

5Versionv2.0,which is availableat:
http://www.cs.cornell.edu/people/pabo/movie-review-data/

6Availableathttp://www.cs.pitt.edu/mpqa/databaserelease/

sentence-level classi�cation.
TheOPdataconsistsof 2,452documentsfrom

thePennTreebank(Marcusetal.,1993).Metadata
tagsassignedby theWall StreetJournalde�ne the
opinion/non-opinionclasses:theclassof any doc-
umentlabeledEditorial, Letterto theEditor, Arts
& LeisureReview, or Viewpointby theWall Street
Journalis opinion, andthe classof documentsin
all othercategories(suchasBusinessandNews)
is non-opinion. This dataset is highly skewed,
with only 9% of the documentsbelongingto the
opinionclass.Consequently, a trivial (but useless)
opinionclassi�er thatlabelsall documentsasnon-
opinionarticleswouldachieve91%accuracy.

The Polarity dataconsistsof 700 positive and
700 negative reviews from the Internet Movie
Database(IMDb) archive. The positive andneg-
ative classeswerederivedfrom authorratingsex-
pressedin starsor numericalvalues.The MPQA
dataconsistsof English languageversionsof ar-
ticles from the world press. It contains9,732
sentencesthat have beenmanuallyannotatedfor
subjective expressions.The opinion/non-opinion
classesare derived from the lower-level annota-
tions: asentenceis anopinionif it containsasub-
jective expressionof mediumor higherintensity;
otherwise,it is anon-opinionsentence.55%of the
sentencesbelongto theopinionclass.

4 Using the SubsumptionHierar chy for
Analysis

In this section,we illustrate how the subsump-
tion hierarchy canbe usedasan analytic tool to
automaticallyidentify featuresthat substantially
outperformsimpler counterparts.Thesefeatures
representspecializedusagesandexpressionsthat
would be good candidatesfor addition to a sub-
jectivity lexicon. Figure6 showspairsof features,
wherethe �rst is moregeneralandthe secondis
morespeci�c. Thesefeaturepairswereidenti�ed
by thesubsumptionhierarchy asbeingrepresenta-
tionally similar but behaviorally different (so the
more speci�c featurewas retained). The IGain
column shows the information gain valuespro-
ducedfrom thetrainingsetof onecross-validation
fold. The Classcolumnshows the classthat the
morespeci�c featureis correlatedwith (themore
generalfeatureis usuallynot stronglycorrelated
with eitherclass).

Thetop tablein Figure6 containsexamplesfor
the opinion/non-opinionclassi�cation task from



Opinion/Non-Opinion Classi�cation
ID Feature IGain Class Example
A1 line .0016 - . . . issueconsistsof notesbackedby creditline receivables
A2 theline .0075 opin ...laysit on theline; ...stepsacrosstheline
B1 nation .0046 - . . .has750,000cable-tvsubscribersaroundthenation
B2 anation .0080 opin It' snot thatwearespawninga nationof ascetics. . .
C1 begin .0006 - Campeaubuyerswill begin writing orders...
C2 begin with .0036 opin To begin with, weshouldnotethatin contrast...
D 1 bene�ts .0040 - . . .earlierperiodincluded$235,000in taxbene�ts.
D E P NPPrep(bene�tsto) .0090 opin . . .boonto therich with noprovenbene�tsto theeconomy
E1 due .0001 - . . .anestimated$ 1.23billion in debtduenext spring
EE P ActVP Prep(dueto) .0038 opin It' sall dueto theintensescrutiny...

Positive/NegativeSentimentClassi�cation
ID Feature IGain Class Example
F1 short .0014 - to makea longstoryshort...
F2 nothingshort .0039 pos nothingshortof spectacular
G1 ugly .0008 - ...anuglymonsteronacruiseliner
G2 andugly .0054 neg it' sadisappointmentto seesomethingthisdumbandugly
H 1 disaster .0010 - ...ratedpg-13for disasterrelatedelements
H E P AuxVP Dobj(bedisaster) .0048 neg . . . this is suchaconfuseddisasterof a �lm
I 1 work .0002 - thenext dayduringthedrive to work...
I E P ActVP(work) .0062 pos the�lm will work justaswell...
J1 manages .0003 - hestill managesto �nd time for hiswife
JE P ActInfVP(managesto keep) .0054 pos this �lm managesto keepupa rapidpace

Figure6: Samplefeaturesthatbehavedifferently, asrevealedby thesubsumptionhierarchy.
(1 ) unigram;2 ) bigram;EP) extractionpattern)

theOPdata.Themorespeci�c featuresaremore
stronglycorrelatedwith opinionarticles.Surpris-
ingly, simplyaddingadeterminercandramatically
changebehavior. ConsiderA2. Therearemany
subjective idioms involving “the line” (two are
shown in the table; othersinclude“toe the line”
and “dr aw the line” ), while objective language
aboutcredit lines,phonelines,etc.usesthedeter-
miner lessoften. Similarly, considerB2. Adding
“a” to “nation” often correspondsto an abstract
referenceusedwhen making an argument(e.g.,
“a nation of ascetics”), whereasother instances
of “nation” areusedmoreliterally (e.g.,“the 6th
largest in the nation”). 21% of featureB1's in-
stancesappearin opinion articles,while 70% of
featureB2's instancesarein opinionarticles.

“Begin with” (C2) capturesanadverbialphrase
usedin argumentation(“To begin with...” ) but
does not match objective usagessuch as “will
begin” an action. The word “bene�ts” alone
(D1) matchesphraseslike“tax bene�ts” and“em-
ployeebene�ts” thatarenot opinionexpressions,
while DE P typically matchespositive sensesof
the word “bene�ts” . Interestingly, the bigram
“bene�ts to” is not highly correlatedwith opin-
ions becauseit matchesin�niti ve phrasessuch
as“tax bene�ts to provide” and“health bene�ts
to cut” . In this case,the extractionpattern“NP

Prep(bene�tsto)” is morediscriminatingthanthe
bigramfor opinion classi�cation. The extraction
patternEE P 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 behavioral differenceson
the Polarity dataset, wherethe task is to distin-
guishpositive reviews from negative reviews. F2

andG2 arebigramsthat behave differently from
theircomponentunigrams.Theexpression“noth-
ing short (of)” is typically usedto expressposi-
tive sentiments,while “nothing” and“short” by
themselvesarenot. Theword“ugly” is oftenused
as a descriptive modi�er that is not expressing
a sentimentper se,while “and ugly” appearsin
predicateadjective constructionsthatareexpress-
ing a negative sentiment. The extractionpattern
HE P is more discriminatorythan H 1 becauseit
distinguishesnegative sentiments(“the �lm is a
disaster!”) from plot descriptions(“the disaster
movie...” ). I E P shows thatactive-voiceusagesof
“work” are strong positive indicators,while the
unigram“work” appearsin a varietyof bothpos-
itive and negative contexts. Finally, JE P shows
thattheexpression“managesto keep” is a strong
positive indicator, while “manages” by itelf is
muchlessdiscriminating.



Theseexamplesillustratethat thesubsumption
hierarchy canbe a powerful tool to betterunder-
standthebehaviors of differentkindsof features,
andto identify speci�c featuresthatmaybedesir-
ablefor inclusionin specializedlexical resources.

5 Using the SubsumptionHierar chy to
ReduceFeatureSets

When creatingopinion classi�ers, peopleoften
throw in a variety of featuresand trust the ma-
chinelearningalgorithmto �gure outhow to make
the bestuseof them. However, we hypothesized
thatclassi�ersmayperformbetterif wecanproac-
tively eliminatefeaturesthatarenot necesarybe-
causethey aresubsumedby otherfeatures.In this
section,we presenta seriesof experimentsto ex-
plorethis hypothesis.First,we presenttheresults
for an SVM classi�er trainedusingdifferentsets
of unigram, bigram, and extraction patternfea-
tures,bothbeforeandaftersubsumption.Next, we
evaluatea standardfeatureselectionapproachas
an alternative to subsumptionandthenshow that
combiningsubsumptionwith standardfeaturese-
lectionproducesthebestresultsof all.

5.1 Classi�cation Experiments

To seewhetherfeaturesubsumptioncanimprove
classi�cation performance,we trained an SVM
classi�er for eachof the threeopinion datasets.
We usedthe SVMl ight (Joachims,1998)package
with a linearkernel.For thePolarityandOPdata
wediscardedall featuresthathave frequency < 5,
andfor theMPQA datawediscardedfeaturesthat
have frequency < 2 becausethis dataset is sub-
stantiallysmaller. All of our experimentalresults
areaveragesover3-fold cross-validation.

First,wecreated4 baselineclassi�ers:a1Gram
classi�er that usesonly the unigramfeatures;a
1+2Gramclassi�er thatusesunigramandbigram
features;a 1+EP classi�er thatusesunigramand
extractionpatternfeatures,anda 1+2+EP classi-
�er thatusesall threetypesof features.Next, we
createdanalogous1+2Gram,1+EP, and 1+2+EP
classi�ers but applied the subsumptionhierar-
chy �rst to eliminate unnecessaryfeaturesbe-
fore trainingtheclassi�er. We experimentedwith
three delta values for the subsumptionprocess:
� =.0005,.001,and.002.

Figures7, 8, and9 show the results. The sub-
sumptionprocessproducedsmall but consistent
improvementsonall 3 datasets.For example,Fig-

ure8 shows the resultson theOPdata,whereall
of theaccuracy valuesproducedaftersubsumption
(the rightmost3 columns)arehigherthantheac-
curacy valuesproducedwithout subsumption(the
Base[line]column).For all threedatasets,thebest
overall accuracy (shown in boldface)wasalways
achievedaftersubsumption.

Features Base � =.0005 � =.001 � =.002

1Gram 79.8
1+2Gram 81.2 81.0 81.3 81.0
1+EP 81.7 81.4 81.4 82.0
1+2+EP 81.7 82.3 82.3 82.7

Figure7: AccuraciesonPolarityData

Features Base � =.0005 � =.001 � =.002

1Gram 97.5 - - -
1+2Gram 98.0 98.7 98.6 98.7
1+EP 97.2 97.8 97.9 97.9
1+2+EP 97.8 98.6 98.7 98.7

Figure8: AccuraciesonOPData

Features Base � =.0005 � =.001 � =.002

1Gram 74.8
1+2Gram 74.3 74.9 74.6 74.8
1+EP 74.4 74.6 74.6 74.6
1+2+EP 74.4 74.9 74.7 74.6

Figure9: AccuraciesonMPQA Data

We alsoobserved that subsumptionhada dra-
matic effect on the F-measurescoreson the OP
data,which areshown in Figure10. TheOPdata
setis fundamentallydifferentfrom theotherdata
setsbecauseit is so highly skewed, with 91% of
thedocumentsbelongingto thenon-opinionclass.
Without subsumption,the classi�er was conser-
vative aboutassigningdocumentsto the opinion
class, achieving F-measurescoresin the 82-88
range. After subsumption,the overall accuracy
improvedbut theF-measurescoresincreasedmore
dramatically. Thesenumbersshow that the sub-
sumptionprocessproducednot only a more ac-
curateclassi�er, but a moreuseful classi�er that
identi�es moredocumentsasbeingopinion arti-
cles.

For the MPQA data,we get a very small im-
provementof 0.1%(74.8%! 74.9%)usingsub-
sumption.But notethatwithout subsumptionthe
performanceactuallydecreasedwhenbigramsand



Features Base � =.0005 � =.001 � =.002

1Gram 84.5
1+2Gram 88.0 92.5 92.0 92.3
1+EP 82.4 86.9 87.4 87.4
1+2+EP 86.7 91.8 92.5 92.3

Figure10: F-measuresonOPData
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Figure11: FeatureSelectiononOPData

extractionpatternswereadded!Thesubsumption
processcounteractedthenegative effect of adding
themorecomplex features.

5.2 FeatureSelectionExperiments

We conducteda secondseriesof experimentsto
determinewhethera traditional featureselection
approachwould producethe same,or better, im-
provementsassubsumption.For eachfeature,we
computedits information gain (IG) and then se-
lectedtheN featureswith thehighestscores.7 We
experimentedwith valuesof N rangingfrom 1,000
to 10,000in incrementsof 1,000.

Wehypothesizedthatapplyingsubsumptionbe-
foretraditionalfeatureselectionmightalsohelpto
identify amorediversesetof high-performingfea-
tures.In aparallelsetof experiments,weexplored
this hypothesisby �rst applying subsumptionto
reducethesizeof the featureset,andthenselect-
ing thebestN featuresusinginformationgain.

Figures11,12,and13show theresultsof these
experimentsfor the 1+2+EP classi�ers. Each
graphshows four lines. One line correspondsto
the baselineclassi�er with no subsumption,and
anotherline correspondsto thebaselineclassi�er
with subsumptionusing the best� value for that
dataset. Eachof thesetwo lines correspondsto

7In thecaseof ties,weincludedall featureswith thesame
scoreastheNth-bestaswell.
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Figure12: FeatureSelectiononPolarityData
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Figure13: FeatureSelectiononMPQA Data

just a single datapoint (accuracy value), but we
drew that valueasa line acrossthe graphfor the
sake of comparison.The other two lines on the
graphcorrespondto (a) featureselectionfor dif-
ferentvaluesof N (shown on the x-axis),and(b)
subsumptionfollowedby featureselectionfor dif-
ferentvaluesof N.

On all 3 datasets,traditional featureselection
performsworsethan the baselinein somecases,
andit virtually never outperformsthe bestclassi-
�er trainedaftersubsumption(but without feature
selection).Furthermore,the combinationof sub-
sumptionplusfeatureselectiongenerallyperforms
bestof all, andnearlyalwaysoutperformsfeature
selectionalone. For all 3 datasets,our bestac-
curacy resultswereachieved by performingsub-
sumptionprior to featureselection.Thebestaccu-
racy resultsare99.0%on the OP data,83.1%on
the Polarity data,and75.4%on the MPQA data.
For the OP data,the improvementover baseline
for both accuracy andF-measurearestatistically
signi�cant at thep < 0.05level (pairedt-test).For
theMPQA data,theimprovementoverbaselineis



statisticallysigni�cant at thep < 0.10level.

6 RelatedWork

Many featuresandclassi�cation algorithmshave
beenexplored in sentimentanalysisand opinion
recognition. Lexical cuesof differing complexi-
ties have beenused,including single words and
Ngrams(e.g.,(Mullen andCollier, 2004;Panget
al., 2002;Turney, 2002;Yu andHatzivassiloglou,
2003; Wiebe et al., 2004)), as well as phrases
andlexico-syntacticpatterns(e.g,(Kim andHovy,
2004; Hu and Liu, 2004; Popescuand Etzioni,
2005; Riloff and Wiebe, 2003; Whitelaw et al.,
2005)). While many of thesestudiesinvestigate
combinationsof featuresand feature selection,
this is the �rst work that usesthe notion of sub-
sumptionto compareNgramsandlexico-syntactic
patternsto identify complex featuresthat outper-
form simpler counterpartsand to reducea com-
binedfeaturesetto improveopinionclassi�cation.

7 Conclusions

This paper uses a subsumptionhierarchy of
feature representationsas (1) an analytic tool
to compare features of different complexities,
and (2) an automatic tool to remove unneces-
sary featuresto improve opinion classi�cation
performance. Experimentswith three opinion
datasetsshowed that subsumptioncan improve
classi�cationaccuracy, especiallywhencombined
with featureselection.
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