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ABSTRACT
Thewebcontainsa wealthof productreviews, but sifting through
themis adauntingtask.Ideally, anopinionmining tool wouldpro-
cessa set of searchresultsfor a given item, generatinga list of
productattributes(quality, features,etc.)andaggregatingopinions
abouteachof them (poor, mixed, good). We begin by identify-
ing the uniquepropertiesof this problemand develop a method
for automaticallydistinguishingbetweenpositive andnegative re-
views. Our classi�er draws on informationretrieval techniquesfor
featureextractionandscoring,andthe resultsfor variousmetrics
and heuristicsvary dependingon the testingsituation. The best
methodswork aswell asor betterthantraditionalmachinelearn-
ing. Whenoperatingon individual sentencescollectedfrom web
searches,performanceis limited dueto noiseandambiguity. But
in the context of a completeweb-basedtool andaidedby a sim-
ple methodfor groupingsentencesinto attributes,the resultsare
qualitatively quiteuseful.

Categoriesand SubjectDescriptors
H.3.1 [Inf ormation Storage and Retrieval]: ContentAnalysis
andIndexing; H.3.3[Inf ormation Storageand Retrieval]: Infor-
mationSearchandRetrieval; I.2.7 [Arti�cial Intelligence]: Natu-
ral languageprocessing

GeneralTerms
Algorithms,Measurement,Evaluation

Keywords
Opinionmining,documentclassi�cation

1. INTRODUCTION
Productreviews exist in a variety of forms on the web: sites

dedicatedto a speci�c type of product (suchas MP3 player or
movie pages),sitesfor newspapersandmagazinesthat may fea-
ture reviews (like Rolling Stoneor ConsumerReports), sitesthat
couplereviews with commerce(like Amazon),andsitesthat spe-
cialize in collectingprofessionalor userreviews in a varietyof ar-
eas(like C

�

net or ZDnet in electronics,or the morebroadEpin-
ions.comandRateitall.com).Lessformal reviews areavailableon

�
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discussionboardsandmailing list archives,aswell asin Usenetvia
GoogleGroups.Usersalsocommenton productsin their personal
web sitesand blogs, which are then aggregatedby sitessuchas
Blogstreet.com,AllConsuming.net,andonfocus.com.When try-
ing to locateinformationon a product,a generalwebsearchturns
upseveralusefulsites,but gettinganoverallsenseof thesereviews
canbedauntingor time-consuming.

In themovie review domain,siteslike Rottentomates.comhave
sprungupto try to imposesomeorderonthevoid,providing ratings
andbrief quotesfrom numerousreviews andgeneratinganaggre-
gateopinion. Suchsiteseven have their own category—“Review
Hubs”—onYahoo!

Onthecommericalside,InternetclippingserviceslikeWebclip-
ping.com,eWatch.com,andTracerLock.comwatchnews sitesand
discussionareasfor mentionsof a givencompany or product,try-
ing to track “buzz.” Print clipping serviceshave beenproviding
competitive intelligencefor sometime. Theeaseof publishingon
thewebled to anexplosionin contentto besurveyed,but thesame
technologymakesautomationmuchmorefeasible.

This paperdescribesa tool for sifting throughandsynthesizing
productreviews, automatingthesortof work doneby aggregation
sitesor clipping services. We begin by usingstructuredreviews
for testingandtraining, identifying appropriatefeaturesandscor-
ing methodsfrom informationretrieval for determiningwhetherre-
views are positive or negative. Theseresultsperformas well as
traditionalmachinelearningmethods.We thenusetheclassi�er to
identify andclassify review sentencesfrom the web, whereclas-
si�cation is moredif�cult. However, a simpletechniquefor iden-
tifying the relevant attributesof a productproducesa subjectively
usefulsummary.

2. BACKGROUND
Althoughthebroadproblemwe aretrying to solve is uniquein

the literature,therearevariousrelevantareasof existing research.
Separatingreviews from othertypesof webpagesabouta product
issimilarto otherstyleclassi�cationproblems.Trying to determine
thesentimentof a review hasbeenattemptedin otherapplications.
Both of thesetasksdraw on work done�nding thesemanticorien-
tationof words.

2.1 Objectivity classi�cation
The taskof separatingreviews from othertypesof contentis a

genreor style classi�cationproblem. It involvesidentifying sub-
jectivity, which Finn et al. [3] attemptedto do on a setof articles
spideredfrom theweb. A classi�er basedon therelative frequency
of eachpart of speechin a documentoutperformedbag-of-words
andcustom-built features.



But determiningsubjectivity canbe,well, subjective. Wiebeet
al. [25] studiedmanualannotationof subjectivity at theexpression,
sentence,anddocumentlevel andshowed that not all potentially
subjective elementsreallyare,andthatreaders'opinionsvary.

2.2 Word classi�cation
Trying to understandattributesof a subjective element—suchas

whetherit is positive or negative (polarity or semanticorientation)
or has different intensities(gradability)—is even more dif�cult.
HatzivassiloglouandMcKeown [5] usedtextual conjunctionssuch
as“f air andlegitimate”or “simplistic but well-received” to separate
similarly- andoppositely-connotedwords. Otherstudiesshowed
that restrictingfeaturesusedfor classi�cation to thoseadjectives
that comethroughasstronglydynamic,gradable,or orientedim-
provedperformancein thegenre-classi�cationtask[6, 24].

Turney andLittman [23] determinedthesimilarity betweentwo
wordsby countingthenumberof resultsreturnedby websearches
joining thewordswith a NEARoperator. Therelationshipbetween
anunknown wordandasetof manually-selectedseedswasusedto
placeit into a positive or negative subjectivity class.

Thisareaof work is relatedto thegeneralproblemof wordclus-
tering.Lin [9] andPereiraet al. [16] usedlinguistic colocationsto
groupwordswith similar usesor meanings.

2.3 Sentimentclassi�cation

2.3.1 Affectanddirection
Using fuzzy logic was one interestingapproachto classifying

sentiment.SubasicandHuettner[20] manuallyconstructeda lex-
icon associatingwordswith affect categories,specifyingan inten-
sity (strengthof affect level) andcentrality (degreeof relatedness
to the category). For example,“mayhem” would belong,among
others,to thecategory violencewith certainlevelsof intensityand
centrality. Fuzzysetsarethenusedto classifydocuments.

Anothertechniqueusesamanually-constructedlexiconto derive
global directionality information (e.g. “Is the agentin favor of,
neutralor opposedto theevent?”) which convertslinguistic pieces
into rolesin ametaphoricmodelof motion,with labelslikeBLOCK
or ENABLE[7].

Recently, Liu et al. [10] usedrelationshipsfrom theOpenMind
Commonsensedatabaseandmanually-speci�edgroundtruth to as-
signscalaraffect valuesto linguistic features.Thesecorresponded
to six basicemotions(happy, sad,anger, fear, disgust,surprise).
Severaltechniqueswereappliedtoclassifypassagesusingthisknowl-
edge,anduserstudieswereconductedwith anemailcomposerthat
presentedfaceiconscorrespondingto theinferredemotion.

2.3.2 Recommendations
At a moreappliedlevel, DasandChen[1] useda classi�er on

investorbulletin boardsto seeif apparentlypositive postingswere
correlatedwith stock price. Several scoringmethodswere em-
ployedin conjunctionwith a manuallycraftedlexicon,but thebest
performancecamefrom a combinationof techniques. Another
project,usingUsenetasacorpus,managedto accuratelydetermine
whenposterswererecommendinga URL in theirmessage[21].

Recently, Panget al. [15] attemptedto classifymovie reviews
postedto Usenet,usingaccompanying numericalratingsasground
truth. A varietyof featuresandlearningmethodswereemployed,
but the bestresultscamefrom unigramsin a presence-basedfre-
quency modelrun througha SupportVectorMachine(SVM), with
82.9percentaccuracy. Limited testson this corpus1 usingour own
1Availableonlineathttp://www.cs.cornell.edu/people/pabo/movie-
review-data/
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Figure1: Overview of project architectureand �o w.

Reviews
C

�

net category Products Pos. Neg.
Networking kits 13 191 144
TVs 143 743 119
Laserprinters 74 1,088 439
Cheaplaptops 147 3,057 683
PDAs 83 3,335 896
MP3players 118 5,418 2,108
Digital cameras 173 12,078 1,275

Table 1: Breakdown of C
�

net categories. Positive reviews are
onesmarked by their authors with a “thumbs-up”, negative
reviews are thosegiven a “thumbs-down”. (Numbers are re-
stricted to unique reviewscontaining more than 1 token.)

classi�er yieldedonly 80.6percentaccuracy usingour baselinebi-
gramsmethod.As we discusslater, comparisonsarelessclear-cut
on our own corpus. We believe this is due to differencesin the
problemswearestudying;amongotherthings,themessagesin our
corpusaresmallerandcover adifferentdomain.

2.3.3 Commercial projects
Two commercialsolutionsto opinionmininguseproximity mea-

suresandword lists to �t datainto templatesandconstructmodels
of useropinion. The �rst is from Opion, now part of Planetfeed-
back.com[8, 22]. Thesecondis from NECJapan[14].

Finally, thereis muchrelevantwork in thegeneralareaof infor-
mationextractionandpattern-�ndingfor classi�cation. Onetech-
nique useslinguistic units called relevancysignatures as part of
CIRCUS,a tool for sortingdocuments[19].

3. APPROACH
Ourapproach,asshown in Figure1,beginswith trainingaclassi-

�er usingacorpusof self-taggedreviewsavailablefrom majorweb
sites. We thenre�ne our classi�er usingthis samecorpusbefore
applyingit to sentencesminedfrom broadwebsearches.

3.1 Corpus
Userreviews from largewebsiteswhereauthorsprovide quan-

tiative or binary ratingsareperfectfor trainingandtestinga clas-
si�er for sentimentor orientation. The rangeof languageusedin
suchcorporais exactlywhatwewantto focusourfutureminingef-
fortson. Thetwo siteswechosewereC

�

netandAmazon,basedon
thenumberof reviews, numberof products,review quality, avail-
ablemetadata,andeaseof spidering.

C
�

netallowsusersto inputa text review, atitle, anda thumbs-up
or thumbs-down rating. Additional dataavailablebut not usedin
this project includedateandtime, authorname,andratingsfrom
1-5 for “support”, “value”, “quality”, and“features.” A rangeof



Reviews
Amazoncategory Products Pos. Neg.
Entertainmentlaptops 29 110 29
MP3players 201 979 411
PDAs 169 842 173
Topdigital cameras 100 1,410 251
Topbooks 100 578 120
Alternativemusic 25 210 7
Topmovies 100 719 81

Table2: Breakdown of Amazoncategories.Wearbitrarily con-
sider positive reviewsto be thosewhere authors give a score of
3 stars or higher out of 5. (Numbers are restricted to unique
reviewscontaining more than 1 token.)

computerandconsumerelectronicsproductswerechosenarbitrar-
ily from thoseavailable,providing a diversebut constrainedsetof
documents,asshown in Table1. Editorial reviews by C

�

net's writ-
erswerenot includedin thecorpus.

Amazon,meanwhile,hasonescalarratingperproduct(number
of stars),enablingmoreprecisetraining,andtendsto have longer
reviews, which are easierto classify. Unfortunately, electronics
productsgenerallyhave fewer reviews thanat C

�

net,visible in Ta-
ble 2. Reviews of movies, musicandbooksweremoreplentiful,
but attemptingto trainclassi�ersfor thesemoresubjectivedomains
is a moredif�cult problem.Onereasonfor this is that review-like
termsareoftenfoundin summaries(e.g. “The character�nds life
boring.” vs. “This bookis boring.”).

3.2 Evaluation
Two testsweredecidedon. Test1 testson eachof the 7 C

�

net
categoriesin turn,usingtheremaining6 asatrainingset,andtakes
themacroaverageof theseresults.This evaluatestheability of the
classi�er to deal with new domainsand retainsthe skews of the
original corpus. Thereare� ve timesasmany positive reviews as
negative ones,andcertainproductshave many morereviews: MP3
playershave 13,000reviews, but networking kits have only 350.
Half of theproductshave fewer than10 reviews, anda �fth of the
reviews have fewer than10 tokens. Additionally, therearesome
duplicateor near-duplicatereviews, including one that had been
posted23 times.

Test2 used10randomlyselectedsetsof 56 positive and56neg-
ative reviews from eachof the4 largestC

�

netcategories,for a total
of 448reviews perset.Eachreview in thetestwasuniqueandhad
morethanten tokens.Usingonesetfor testingandtheremainder
for training, we conducted10 trials andtook their average. This
was a much cleanertest of how well the classi�er classi�ed the
domainsit hadlearned.

Although thereare variousways of breakingdown classi�ca-
tion performance—suchas precisionand recall—andweighting
performance—usingvalueslike documentlengthor con�dence—
thesevaluesdid notseemto provide any betterdifferentiationthan
simpleaccuracy.

Our baselinealgorithmis describedin sub-sections3.6 and3.8.
Throughoutthis section,we examinetheef�cacy of introducinga
numberof moresophisticatedstrategies.

3.3 Feature selection
Startingwith a raw document(a portion of a web pagein test-

ing and training, anda completeweb pagefor mining), we strip
out HTML tagsandseparatethe documentinto sentences.These
sentencesareoptionallyrunthroughaparserbeforebeingsplit into

Substitutions Bigrams Trigrams
Global Cat. Prod. Test1 Test2 Test1 Test2

88.3% 84.6% 88.7% 84.5%
Y 88.3% 84.7% 88.4% 84.2%

Y 88.3% 88.8% 84.2%
Y 88.2% 84.7% 88.9% 84.6%

Y Y 88.3% 88.7%
Y Y Y 88.3%

Table 3: Resultsof using substitutions to generalizeover dis-
tracting words in differ ent scopes,compared to n-gram base-
lines. Rare words were replaced globally, domain-speci�c
words were replacedfor categories,and product nameswere
replacedfor products. The table is sparsebecauseno suitable
methodfor �nding categorysubstitutionswasavailable for Test
2. In all cases,we substitute NUMBER for numbers. The one
statistically signi�cant substitution is in bold (t=2.448).

single-word tokens. A variety of transformationscanthenbe ap-
plied to this orderedlist of lists.

3.3.1 Metadataandstatisticalsubstitutions
Oneproblemwith many featuresis thatthey maybeoverly spe-

ci�c. For example,“I calledNikon” and“I calledKodak” would
ideallybegroupedtogetheras“I calledX.” Substitutionshavebeen
usedto solve thesesortsof problemsin subjectivity identi�cation,
text classi�cation,andquestionanswering[18, 19, 26], but, asin-
dicatedin Table3, they aremostlyineffective for our task.

Webegin by replacingany numericaltokenswith NUMBER. Al-
thoughthisdoesnothaveasigni�cant neteffectonperformance,it
helpseliminatemisclassi�cationswherea stand-alonenumberlike
“64” carriesastrongpositive weightfrom appearingin stringslike
“64 MB.”

In somecases,we �nd a secondsubstitutionto be helpful. All
instancesof a token from theproduct's name,asderived from the
crawler or searchstring,arereplacedby productname. This pro-
ducesthedesiredeffect in our “I calledX” example.

Two additionalsubstitutionswereconsidered.The �rst occurs
in aglobalcontext, replacinglow-frequency wordsthatwouldoth-
erwisebe thresholdedout with unique. Thus,in anactualexam-
ple from camerareviews, “peachfuzz” and“pollen fuzz” become
“ uniquefuzz.” This substitutiondegradedperformance,however,
apparentlydueto overgeneralization.

Theotherreplaceswordsthatseemto occuronly in certainprod-
uct categorieswith producttypeword. Thus, “the focus is poor”
and“the soundis poor” couldbegroupedin a generaltemplatefor
criticism. However, �nding goodcandidatesfor replacementis dif-
�cult. Our �rst attemptlookedfor wordsthatwerepresentin many
documentsbut almostexclusively in onecategory. Somethinglike
“color,” which might occurin discussionsof both digital cameras
andPDA'swouldnotbefoundby thismethod.A secondtry looked
at theinformationgainprovidedby a givenword whenseparating
outcategories.Neitheryieldedperformanceimprovements.

3.3.2 Linguisticsubstitutions
At thispoint,wecanpassourdocumentthroughLin' sMINIPAR

linguistic parsersentenceby sentence,yielding thepartof speech
of eachword andthe relationshipsbetweenpartsof the sentence.
Thiscomputationally-expensiveoperationenablessomeinteresting
features,but unfortunatelynoneof themimprove performanceon
our tests,asshown in Table4.

Knowing the part of speech,we canrun words throughWord-



Features Test1 Test2
Unigrambaseline 84.9% 82.2%

WordNet 81.5% 80.2%
Colocation 83.3% 77.3%
Stemming 84.5% 83.0% (t=3.787)
Negation 81.9% 81.5%

Table 4: Resultsof linguistic features.

Net, a databasefor �nding similaritiesof meaning.But, like any
suchtool, it suffersfrom our inability to providewordsensedisam-
biguation.Becauseeachword hasseveralmeanings,it belongsto
severalsynsets. Lackingany furtherinformation,we make a given
instanceof thewordanequally-likely memberof eachof them.Un-
fortunately, thiscanproducemorenoisethansignal.Falsecorrela-
tionscanoccur, suchasputting“duds”and“threads”together, even
thoughin thecontext of electronicsreviews neitherrefersto cloth-
ing. Furthermore,usingWordNet causesfeaturesetsto grow to
unmanageablesize. Attemptsto developa customthesaurusfrom
word colocationsin thecorpuswerealsounsuccessful.

Useddirectly, colocationsproduceaneffectoppositethatof Word-
Net. Tripletsof theformWord(part-of-speech):Relation:Word(part-
of-speech) canqualifyaterm'soccurrence.Thisseemslikeit would
be particularlyuseful for pulling out adjective-nounrelationships
sincethey can occur several words apart,as in “this stupid ugly
pieceof garbage”(stupid(A):subj:piece(N))or aspart of a modal
sentenceasin “this pieceof garbageis stupidandugly” (piece(N):-
mod:ugly(A)).However, usingcolocationsas features,even after
puttingnoun-adjective relationshipsinto a canonicalform, wasin-
effective.

3.3.3 Language­basedmodi�cations
Two lesscostlyattemptsto overcomethevariationsanddepen-

denciesin languagewerealsotried with limited success.
Stemmingremovessuf�x esfrom words,causingdifferentforms

of thesameword to begroupedtogether. WhenPorter's stemmer
[17] was applied,our classi�er performedbelow the baselinein
Test1, but betterin Test2. Again, theproblemseemsto beover-
generalization.Thecorpusof reviews is highly sensitive to minor
detailsof language,andthesemaybeglossedoverby thestemmer.
For example,negative reviews tendto occurmorefrequentlyin the
pasttense,sincethereviewer mighthave returnedtheproduct.

Wethentriedto identifynegatingphrasessuchas“not” or “never”
andmarkall wordsfollowing thephraseasnegated,suchasturning
“not goodor useful” into “NOTgoodNOTor NOTuseful.” While
Pang et al. noteda slight improvementfrom this heuristic,our
implementationonly hurt performance.It maybethatsimplesub-
stringsdo a moreaccuratejob of capturingnegatedphrases.

3.3.4 N­gramsandproximity
Oncetokenizationandsubstitutionarecomplete,we cancom-

bine setsof � adjacenttokensinto � -grams,a standardtechnique
in languageprocessing.For example,“this” followed by “is” be-
comes“this is” in abigram.Examplesof high-scoringn-gramsare
shown in Table5, andperformanceresultsareshown in Table3. In
our task,n-gramsproved quite powerful. In Test1, trigramsper-
formedbest,while in Test2, bigramsdid marginally better. Includ-
ing lower-order features(e.g. including unigramswith bigrams)
degradedperformanceunlessthesefeatureshad smallerweights
(as little as a quarterof the weight of the larger features). Ex-
perimentsusinglower-orderfeaturesfor smoothingwhena given
higher-order featurehadnot beenpresentin the training setalso

Unigrams Bigrams Trigrams Distance3
Top positive features

great easyto easyto use . great
camera thebest i love it easyto
best . great . greatcamera cameragreat
easy greatcamera is thebest bestthe
support to use . i love . not
excellent i love �rst digital easyuse

camera
back love it for theprice .camera
love a great to useand i love
not this camera is a great to use
digital digital camera my �rst digital camerathis

Top negative features
waste returnedit takingit back returnto
tech afterNUMBER time andmoney customer

service
sucks to return it doesn't work poorquality
horrible customer sendmea . returned

service
terrible . poor whata joke theworst
return theworst backto my i returned
worst backto . returnedit supporttech
customer techsupport . why not not worth
returned not worth somethingelse. . poor
poor it back . theworst backit

Table 5: Top n-gram featuresfr om C
�

net, ordered by informa-
tion gain. Note how the dominanceof positive camerareviews
skewsthe global features.“.” is the end-of-sentencemarker.

provedunsuccessful.
A relatedtechniquesimulatesa NEARoperatorby putting to-

getherwordsthatoccurwithin � wordsof eachotherinto a single
feature. While improving performance,this wasnot aseffective
as trigrams. Somewhat similar effects are producedby allowing
wildcardsin themiddleof n-grammatches.

3.3.5 Substrings
Noting the varied bene�ts of n-grams,we developedan algo-

rithm thatattemptsto identify arbitrary-lengthsubstringsthatpro-
vide “optimal” classi�cation.Wearefacedwith a tradeoff: assub-
stringsbecomelongerandgenerallymorediscriminatory, their fre-
quency decreases,so thereis lessevidencefor consideringthem
relevant.Simply building a treeof substringsup to a cutoff length,
treatingeachsuf�ciently-frequent substringasrelevant, yields no
betterthan 88.5 percentaccuracy on the �rst test usingboth our
baselineandNaive Bayes.

A more complicatedapproach,which compareseachnodeon
thetreeto its childrento seeif its evidence-differentiationtradeoff
is betterthanits child, sometimesoutperformsn-grams.Weexper-
imentedwith several criteria for choosingnot to pursuea subtree
any further, includingits informationgainrelative to thecomplete
set,thedifferencebetweenthescoresthatwould begivento it and
its parent,andits documentfrequency. We settledon a threshold
for informationgainrelativeto anode'sparent.A secondissuewas
how thesefeatureswould be thenassignedscores. Resultsfrom
differentfeatureschemesareshown in Table6. Waysof matching
testingdatato thescoredfeaturesarediscussedlater.

To improveperformance,wedrew onChurch'ssuf�x arrayalgo-
rithm [27]. Futurework might incorporatetechniquesfrom proba-
bilistic suf�x trees[2].



Scoring method Test1 Test2
Trigrambaseline 88.7% 84.5%

int 87.7% 84.9%
int * df 87.8% 85.1% (t=2.044)

int * df * len 86.0% 84.2%
int * log(df) 62.8% 77.0%

int 58.3% 77.3%
int * len 87.0% 83.9%

int * log(df) * len 60.3% 77.8%
int * df * log(len) 80.0% 81.0%

Table 6: Results of somescoring metrics for variable-length
substrings. Intensity is �����

� ���	�

������


� ���

, df is documentfr e-
quency, len is substring length.

Basefr eq. Value Test1 Test2
Unigrambaseline 85.0% 82.2%

product 2 84.9% 82.2%
product 3 85.1% 82.2%
product 4 85.0% 82.1%
product 7 84.9% 82.4%
product 10 84.4% 82.2%

document 1 85.3% 82.0%
document 2 85.1% 82.3%
document 5 85.0% 82.3%
document 10 84.7% 82.0%

producttype 2 84.9% 82.2%
producttype 4 85.0% 82.3%
producttype 5 84.9% 82.3%

max.document .50 83.9% 82.6% (t=1.486)
max.document .75 84.9% 82.2%
max.document .25 82.1% 81.5%

Table 7: Results of thr esholding schemeson baselineperfor-
mance. All defaults are 1, except for a minimum document
fr equencyof 3.

3.4 Thresholding
Ourfeaturescomplete,wethencounttheirfrequencies—thenum-

berof timeseachtermoccurs,thenumberof documentseachterm
occursin, thenumberof categoriesa termoccursin, andthenum-
ber of categoriesa term occursin. To overcomethe skew of Test
1, we canalsonormalizethecounts.We thensetupperandlower
limits for eachof thesemeasures,constrainingthenumberof fea-
tureswelook at. This improvesrelevanceof theremainingfeatures
andreducestheamountof requiredcomputation.In someapplica-
tions,dimensionalityreductionis accomplishedby vectormethods
suchasSVD or LSI. However, it seemedthatdoingsoheremight
remove minorbut importantfeatures.

Resultsareshown in Table7. Althoughnot providing maximal
accuracy, our default only usedtermsappearingin at least3 doc-
uments,greatly reducingthe term space. Although somehigher
thresholdsshow betterresults,this is deceptive; somedocuments
thatwerebeingmisclassi�ednow have no known featuresandare
ignoredduringclassi�cation.Attemptsto normalizethedocument
frequenciesby classdid not helpthresholding,apparentlybecause
the testingsethad the sameskew the training setdid. The need
for suchalow thresholdalsopointsto thewidevarietyof language
employedin thesereviewsandtheneedto maximizethenumberof
featureswe capture,evenwith sparseevidence.

Test1 Test2
Method Unigrams Bigrams Unigrams Bigrams
Baseline 85.0% 88.3% 82.2% 84.6%

SVM 81.1% 87.2% 84.4% 85.8%

Table8: Resultsfr om SVM ��
������ . For bigrams on Test1, a poly-
nomial kernel wasused,all other settingsweredefaults.

3.5 Smoothing
Beforeassigningscoresbasedon term frequencies,we cantry

smoothingthesenumbers,assigningprobabilitiesto unseenevents
and making the known probabilitiesless“sharp.” Although not
helpfulfor ourbaselinemetric,improvementswereseenwith Naive
Bayes.

The bestresultscamefrom Laplacesmoothing,alsoknown as
add-one.We addoneto eachfrequency, makingthe frequency of
a previously-unseenword non-zero. We adjust the denominator
appropriately. Therefore,���

�
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where 1 is

thenumberof uniquewords.
Two other methodswere also tried. The Witten-Bell method

takes
%

2

#3/

, where 4 is the numberof tokensobserved, andas-
signsthatastheprobabilityof an unknown word, reassigningthe
remainingprobabilitiesproportionally.

Good-Turing, which did not even do aswell asWitten-Bell, is
morecomplex. It orderstheelementsby their ascendingfrequen-
cies 5 , andassignsa new probability equalto 57698�4 where 576

�

�:5(;=<

�

23>@?

+2

> and 4BA is the numberof featureshaving frequency
5 . Theprobabilityof anunseenelementis equalto theprobability
of wordsthatwereseenonly once,i.e. C

�

�

AED�F
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. Be-
causesomevaluesof 4

A areunusuallylow or high in our sample,
pre-smoothingis required. We utilized the Simple Good-Turing
codefrom Sampsonwherethe valuesare smoothedwith a log-
linear curve [4]. We alsousedadd-onesmoothingso that all fre-
quencieswerenon-zero;this worked betterthanusingonly those
datapointsthatwereknown.

3.6 Scoring
After selectinga setof featuresK

%�L�L�L�L

K

� andoptionallysmooth-
ing their probabilities,we mustassignthemscores,usedto place
testdocumentsin thesetof positive reviews � or negative reviews

�

 . Wetriedsomemachine-learningtechniquesusingtheRainbow

text-classi�cationpackage[11], but Table9 showstheperformance
wasno betterthanourmethod.

We alsotried SVM ��
������ , thepackage2 usedby Panget al. When
duplicatingtheir methodology(normalizing,presencemodel,fea-
turespaceconstraining),theSVM outperformedour baselinemet-
ric on Test2 but underperformedit on Test1, asshown in Table
8. Furthermore,our bestscoringresultusingsimplebigramson
Test2, theoddsratiometric,hasanaccuracy of 85.4%,statistically
indistinguishablefrom theSVM result(t=.527).

On the other hand, our implementationof Naive Bayeswith
Laplacesmoothingdoesbetteron Test1 for unigramsandworse
onTest2 or whenbigramsareused.Theresultsareshown in Table
10. To preventunder�ow, theimplementationusedthesumof MON�P s,
yielding thedocumentscoreformulabelow.
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Method Test2
Unigrambaseline 82.2%

Maximumentropy 82.0%
Expectationmaximization 81.2%

Table9: Resultsof machinelearning usingRainbow.

Method Test1 Test2
Unigrambaseline 84.9% 82.2%

Naive Bayes 77.0% 80.1%
NB w/ Laplace 87.0% (t=2.486) 80.1%

NB w/ Witten-Bell 83.1% 80.3%
NB w/ Good-Turing 76.8% 80.1%

NB w/ Bigrams+ Lap 86.9% 81.9%

Table 10: Resultsof testsusingNaive Bayes.

We obtain more consistentperformanceacrosstestswith less
computationwhenwe usethe variouscalculatedfrequenciesand
techniquesfrom informationretrieval, which we comparein Table
11. Our scoringmethod,which we refer to as the baseline,was
fairly simple.
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, the normalizedterm frequency, by taking
thenumberof timesa featureK




occursin � anddividing it by the
total numberof tokensin � . A term's scoreis thusa measureof
biasrangingfrom –1 to 1.

Several alternatives fail to perform as well. For example,we
canusethe total numberof termsremainingafter thresholdingas
the denominatorin calculating����K
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, which makeseachvalue
larger. This improvesperformanceon Test2, but not onTest1. Or
we cancompletelyrede�ne the event modelfor ����K
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, making
it usepresenceanddocumentfrequency insteadof termfrequency.
Here,we take the numberof documentsK




occursin from � di-
videdby thenumberof documentsin � . This performsbetteron
Test2 but doesworseasa resultof theskew in Test1.

A similarmeasure,theoddsratio [12] is calculatedas
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Althoughdiscussedasa methodfor thresholdingfeaturesprior to
machinelearning,we foundthatit doeswell onTest2 asanactual
scoreassignment,performingonparwith theSVM. Unfortunately,
this metric is sensitive to differencesin classsizes,andthusper-
forms poorly on Test 1. When using term insteadof document
probabilities,performanceis moreconsistent,but worsethanour
measure.

Othermetricsdidpoorlyonbothtests.OneoptionwastheFisher
discriminant,which looks at the differencesin the averageterm
frequency of a word in differentclasses,normalizedby the term's
intra-classvariance. If �
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But thismeasureisnotwell-suitedto thenoisy, binaryclassi�cation
problemwe areconfrontedwith.

Features Test1 Test2
Unigrambaseline 85.0% 82.2%

All positivebaseline 76.3% 50.0%
Oddsratio (presencemodel) 53.3% 83.3% (t=3.553)

Oddsratio 84.7% 82.6%
Probabilitiesafterthresholding 76.3% 82.7% (t=2.474)

Baseline(presencemodel) 59.8% 83.1% (t=3.706)
Fisherdiscriminant 76.3% 56.9%

Counting 75.5% 73.2%
Informationgain 81.6% 80.6%

Table 11: Resultsof alternative scoringschemes.

A secondmethodusedinformation theory to assigneachfea-
turea score.As in the failureof reweighting,it maybe that these
methodsaresimply too sensitive to term frequency whensimple
absenceor presenceis moreimportant. The de�nition of entropy
for a binaryclassi�cationis
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Informationgainis calculatedas
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whereeachevent is a document.Wordsareassigneda signbased
onwhich classhadthehighestnormalizedtermfrequency.

We alsotried usingJaccard's measureof similarity asan ultra-
simplebenchmark,which takesthenumberof words � hasin com-
mon with � , divided by the numberof wordsin �*)+� . But this
worksquitepoorly dueto theskew in thedataset. We alsofound
thatsetting��,&- M,���
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�/.0�
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1.2�

�

producedaccuracy below
simplyassigningeverythingto thepositive set.

3.7 Reweighting
Oneinterestingpropertyof the baselinemeasureis that it does

not incorporatethestrengthof evidencefor a givenfeature.Thus,
arareterm,like“friggin”, whichoccursin 3 negativedocumentsin
oneset,hasthesamescore,–1, as“li vid”, which occurs23 times
in thesameset. Table12 shows thatmostattemptsto incorporate
weightingwereunsuccessful.

Althoughinformationretrieval traditionallyutilizesinversedoc-
umentfrequency (IDF) to helpidentify rarewordswhichwill point
to differencesbetweensets,this doesnot make sensein classi�ca-
tion. Multiplying by documentfrequency, dampenedby MON9P , did
provide betterresultsonTest1.

We tried assigningweightsusinga Gaussianweightingscheme,
whereweightsdecreasepolynomiallywith distancefrom a certain
meanfrequency. This decreasestheimportanceof both infrequent
and too-frequentterms. Thoughthe meanandvariancemust be
pickedarbitrarily (sincetheactualfrequenciesarein a Zipf distri-
bution),someof theparameterswetried seemedto work.

We alsotried usingthe residualinversedocumentfrequency as
describedby Church,which looks at the differencebetweenthe
IDF andtheIDF predictedby thePoissonmodelfor arandomword
(i.e. 5435�,K

� �
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). However,
no improvementsresulted.

3.8 Classifying
Onceeachtermhasa score,we cansumthescoresof thewords

in anunknown documentandusethesignof thetotal to determine



Basefr eq. Transform Test1 Test2
Unigrambaseline 85.0% 82.2%
document 81.1% 65.4%
document log 85.5% (t=1.376) 81.6%
document sqrt 85.3% 77.4%
document inverse 84.7% 79.7%
document normalized 82.0% 65.4%
document log norm. 84.7% 81.7%

term 84.9% 82.2%
term log 84.9% 82.2%
term gauss(3,.5) 85.7% (t=2.525) 81.7%

product 85.6% 77.6%
product log 85.0% 80.7%

producttype 84.7% 65.4%
producttype sqrt 84.8% 82.2%

document+ term ridf 82.2% 80.8%
Bigrambaseline 88.3% 84.6%

bigramterm gauss(4,.5) 88.3% 84.6%
bigramdoc. log 88.4% 84.3%

Table 12: Resultsof weighting schemes.Mean and deviation
for Gaussianlisted in parentheses.

a class.In otherwords,if document�
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Whenwe have variable-lengthfeaturesfrom our substringtree,
thereareseveral optionsfor choosingmatchingtokens. Themost
effective techniqueis to �nd the longestpossiblefeaturematches
startingat eachtoken. Although it appearsthis may lead longer
featuresto carrymoreweight(e.g.“I returnedthis” will becounted
againas“returnedthis”), this turnsout to not be a problemsince
thetotalscoreis still linearin thenumberof tokens.Whenwetried
disallowing nestedmatchesor usingdynamicprogrammingto �nd
the highest-con�dencenon-overlappingmatches,the resultswere
not asgood.We alsoexperimentedwith allowing wildcardsin the
middleof tokens.

Onetrick tried duringclassi�cationwasa sortof bootstrapping,
sometimescalledtransductive learning.As the testsetwasclassi-
�ed, thewordsin the testsetwerestoredandincreasinglyusedto
supplementthescoresfrom the trainingset. However, no method
of weightingthis learningseemedto actuallyimprove results.At
best,performancewasthesameashaving no bootstrappingat all.

3.9 Scalar ratings
In ourpreliminarywork with theAmazoncorpus,differenttech-

niqueswereneeded.Theintuitive approachwasto give eachword
a weightequalto theaverageof thescoresof thedocumentsit ap-
pearsin. Thenwe could �nd theaverageword scorein a testdoc-
umentin orderto predict its classi�cation. In practice,this tends
to clusterall of thedocumentsin thecenter. Trying to assigneach
word a scorebasedon theslopeof thebest�t line alongits distri-
butionhadthesameresult.

Two solutionsto thisproblemweretried: exponentially“stretch-
ing” the assignedscoreusing its differencefrom the mean,and
thresholdingthefeaturesetsoonly thosewith moreextremescores

Training Method Scoring Acc. w/o �

Test2 Substring Baseline 62%
Test2 Substring No nesting 57%
Test2 Substring Dynamicprog. 65%
Test2 Substring Dyn. prog.by class 68%
Test1 Substring Baseline 61%
Test2 Substring+ Baseline 59%

productname
Test1 Bigram Baseline 62%

Table 13: Results of mining methods. Unlik e our classi�ca-
tion test,substitutionsdid not impr overesults,while a differ ent
scoring method actually worked better, showing that further
work must be doneon this speci�c problem.

Group Accuracy Accuracy w/o I' s
First200 42% 76%

Second200 21% 58%
Last200 50% 34%

Table14: Resultsof mining ordered by con�dence. Con�dence
hasa positive correlation with accuracyoncewe remove irr el-
evant or indeterminate cases.Although the breakdown is not
provided here, this relationship is the result of accuracytr ends
in both the positive and negative sentences.

wereincluded. Both worked moderatelywell, but a Naive Bayes
classi�cationsystem,with separateprobabilitiesmaintainedfor each
of the5 scoringlevels,actuallyworkedevenbetter.

Of course,theabsoluteclassi�cationis only onewayof evaluat-
ing performance,andideallya classi�er shouldgetmorecredit for
mis-ratinga 4 review asa 5 thanasa 1, analogousto con�dence
weightingin thebinaryclassi�cationproblem.

Mooney et al. [13] faceda similar problemwhentrying to use
Amazonreview informationto train book recommendationtools.
They usedthree variations: calculatingan expectedvalue from
Naive Bayesoutput, reducingthe classi�cation problemto a bi-
naryproblem,andweightingbinaryratingsbasedon theextremity
of theoriginal score.

3.10 Mining
As a follow-on task,we crawl searchengineresultsfor a given

product'snameandattemptto identify andanalyzeproductreviews
within this set. Initially, we usea setof heuristicsto discardsome
pages,paragraphs,and sentencesthat are unlikely to be reviews
(suchaspageswithout “review” in their title, paragraphsnot con-
tainingthenameof theproduct,andexcessively long or shortsen-
tences).We thenusethe classi�ers trainedon C

�

net to rateeach
sentencein eachpage.We hopedthatthefeaturesfrom thesimple
classi�cationproblemwould be useful,althoughthe taskandthe
typesof documentsunderanalysisarequitedifferent.

3.10.1 Evaluation
In fact,thetrainingresultsgiveussomemisdirection:negatively

weightedfeaturescanbe anything from “headphones”(not worth
mentioningif they are okay) to “main characters”(usedonly in
negative reviews in our Amazonset) even thoughnoneof these
stronglymarkreview contentin documentsat large.Therearealso
issueswith granularity, sinceareview containing“theonly problem
is” is probablypositive, but thesentencecontainingit is probably
not.

On theweb,a productis mentionedin a wide rangeof contexts:



Figure2: Initial search resultsscreenlists categoriesand assessments.

passingmentions,lists, sales,formal reviews, userreviews, tech-
nical supportsites,articlespreviewing theproduct. Most of these
containsubjective statementsof somesort,but only someof these
wouldbeconsideredreviewsandonly someof themarerelevantto
our targetproduct. Any of thesecouldbe redherringsthatmatch
thefeaturesstrongly. For example,resultslike“View all 12reviews
onAmstelLight” sometimescometo theforebasedonthestrength
of stronggenericfeatures.

To quantify this performance,we randomlyselected600 sen-
tences(200 for eachof 3 products)asparsedandthresholdedby
the mining tool. Theseweremanuallytaggedaspositive ( � ) or
negative ( 4 ). This processwashighly subjective, andfuturework
shouldfocuson developinga bettercorpus. We placed173 sen-
tencesin � and71 in 4 . The remaining356 wereplacedin � ,
meaningthey wereambiguouswhentaken out of context, did not
expressanopinionatall, or werenotdescribingtheproduct.Clearly,
a specializedgenreclassi�er to take a �rst passat identifying sub-
sentenceor multi-sentencefragmentsthatexpresscoherent,topical
opinionsis needed.

On the reducedpositive-negative task,our classi�er doesmuch
better. Table14 shows thatwhenwe excludesentencesplacedin

� , the trendvalidatesour methodof assigningcon�dence. In the
most-con�denttercile,accuracy reaches76 percent.Thebestper-
forming classi�cationmethods,asTable13 shows, usedour sub-
stringmethod.

3.10.2 Presentation
Finally, we try to group sentencesunderattribute headingsas

shown in Figure2. Weattemptedtousewordsmatchingthe product-
typeword substitutionas potentialattributesof a productaround
which to clusterthe scoredsentences.Although this did reason-
ably well (for “Amstel Light,” we got back“beer,” “bud,” “taste,”
“adjunct,” “other,” “brew,” “lager,” “golden,” “imported”)wefound
that simply looking for bigramsstartingwith “the” andapplying
somesimplethresholdsandthesamestopwordsworkedevenbet-

ter (for Amstel,wegot“the taste”,“the �a vor”, “the calories”,“the
best”). For eachattribute,we displayedreview sentencescontain-
ing the bigram,aswell asan overall scorefor that attribute. The
interfacealsoshows theamounteachfeaturecontributedto a sen-
tence's scoreandthecontext of asentence,asseenin Figure3.

4. SUMMARY AND CONCLUSIONS
Wewereableto obtainfairly goodresultsfor thereview classi�-

cationtaskthroughthechoiceof appropriatefeaturesandmetrics,
but we identi�ed a numberof issuesthatmake this problemdif�-
cult.

1. Rating inconsistency. Similar qualitative descriptionscan
yield very differentquantitative reviews from reviewers. In
themostextremecase,reviewersdonotunderstandtherating
systemandgive a 1 insteadof a 5.

2. Ambivalenceand comparison. Somereviewers use terms
that have negative connotations,but then write an equivo-
cating�nal sentenceexplainingthatoverall they weresatis-
�ed. Otherscompareanegativeexperiencewith oneproduct
with a positive experienceusing another. It is dif�cult to
separateout thecoreassessmentthatshouldactuallybecor-
relatedwith thedocument's score.Mixedreviews introduce
signi�cant noiseto theproblemof scoringwords.

3. Sparsedata. Many of thereviews arevery short,andthere-
forewemustbeableto recognizeabroadrangeof veryspe-
ci�c features. Thresholdingout the shorterreviews helps
classi�cation performance. Reviews from Amazon, when
turnedinto a binary classi�cationproblem,aremucheasier
to classify, at leastin partbecauseof their generallylonger
size. In theC

�

netcorpus,morethantwo-thirdsof wordsoc-
curredin fewer than3 documents.

4. Skeweddistribution. On bothsites,we �nd thatpositive re-
views werepredominant,andcertainproductsandproduct



Figure3: Screenshot of scored sentenceswith contextand breakdown.

typeshave morereviews. This is why, for example,theword
“camera”is listedasa toppositive feature:thewordappears
in a largeportionof thereviews,andmostof thoseareposi-
tive. Althoughnegative reviews wereoftenlonger, their lan-
guagewasoften morevaried,andachieving goodrecall on
thenegative setwasdif�cult.

Thesechallengesmaybewhy traditionalmachinelearningtech-
niques(likeSVMs)andcommonmetrics(likemutualinformation)
donotdoaswell asourbiasmeasurewith n-gramsonthetwo tests.
Few re�nementsimproved performancein both cases.Encourag-
ingly, two key innovations—metadatasubstitutionsandvariable-
lengthfeatures—werehelpful. Couplingthe productnamesubsti-
tution with thebestsubstringalgorithmyielded85.3percentaccu-
racy, higherthanthe84.6percentaccuracy of bigrams.However,
highvarianceandsmallsamplesizeleaveusjustshortof 90percent
con�dencein a t-test.

Extractionprovedmoredif�cult. It maybethatfeaturesthatare
lesssuccessfulin classi�cation,likesubstrings,dobetterin mining
becausethey aremorespeci�c. Morework is neededonseparating
genreclassi�cationfrom attributeandsentimentseparation.

A varietyof stepscanbetakento extendthis work:
� Developacorpusof more�nely-taggeddocuments.Without

asetof documentstaggedatthesentenceor expressionlevel,
it hasbeendif�cult to designfor or evaluateextractionper-
formance.Precisionshouldbe greatly improved by having
multiple granularitiesof tagsavailable.

� Conducttestsusinga largernumberof sets.Becauseof the
highvariability—thestandarderrorswerearound1.5for Test
1 and.6for Test2—it wasdif�cult to yieldsigni�cant results.

� Continueto experimentwith combinationsandparameters.
The possibilitiesfor combiningandtuning the featuresand
metricsdiscussedherehave certainlynot beenexhausted.

� Findwaysto decreaseover�tting andgeneratefeaturesmore
usefulfor extractingopinionsandattributesfromwebsearches.

� Learnwaysto separateout typesof reviews andpartswithin
reviews andtreatthemdifferently.

� Createintermediatetestscenariosthat have fewer indepen-
dentvariables.Althoughusingradicallydifferenttestshelped
identify usefulfeatures,wenow wantto identify why certain
featuresonly work in certainsettings.

� Try to improve theef�ciency of thealgorithms.At present,
the substringalgorithmstake several minuteson even the
smallersecondtestcaseandrequireoveragigabyteof mem-
ory. Thereshouldbewaysto make this morereasonable.
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