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ABSTRACT

Theweb containsa wealthof productreviews, but sifting through
themis a dauntingtask. Ideally, anopinionmining tool would pro-
cessa setof searchresultsfor a given item, generatinga list of
productattributes(quality, featuresgetc.) andaggreatingopinions
abouteachof them (poor, mixed, good). We begin by identify-
ing the unique propertiesof this problemand develop a method
for automaticallydistinguishingbetweenpositive andnegative re-
views. Our classi er draws on informationretrieval techniquegor
featureextractionand scoring,andthe resultsfor variousmetrics
and heuristicsvary dependingon the testingsituation. The best
methodswork aswell asor betterthantraditionalmachinelearn-
ing. When operatingon individual sentencesollectedfrom web
searchesperformancas limited dueto noiseandambiguity But
in the context of a completeweb-basedool and aidedby a sim-
ple methodfor groupingsentencesnto attributes,the resultsare
qualitatively quite useful.

Categoriesand Subject Descriptors

H.3.1 [Information Storage and Retrieval]: ContentAnalysis
andIndexing; H.3.3[Information Storageand Retrieval]: Infor-
mationSearchandRetrieval; 1.2.7 [Arti cial Intelligence]: Natu-
ral languageprocessing

General Terms
Algorithms,Measurement:valuation

Keywords
Opinionmining, documentlassi 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 nevspapersand magazineghat may fea-
ture reviews (like Rolling Stoneor ConsumerReport3, sitesthat
couplereviews with commercg(like Amazon),andsitesthat spe-
cializein collectingprofessionabr userreviews in a variety of ar
eas(like C netor ZDnetin electronics,or the more broad Epin-
ions.comandRateitall.com).Lessformal reviews areavailableon

This work conductedat NEC LaboratoriesAmerica, Princeton,
New Jersg.

Copyright is held by theauthor/avner(s).
WWW2003May 20-24,2003,BudapestHungary
ACM 1-58113-680-3/03/0005.

Steve Lawrence
NEC Laboratories America
4 Independence Way
Princeton, NJ 08540

lawrence@necmail.com david.pennock@overture.com

of Product Reviews

David M. Pennock
Overture Services, Inc.,
74 Pasadena Ave, 3rd Floor
Pasadena, CA 91101

discussiorboardsandmailinglist archives,aswell asin Usenetia

GoogleGroups.Usersalsocommenton productsin their personal
web sitesand blogs, which are then aggrgatedby sitessuchas
Blogstreet.comAllConsuming.netand onfocus.com.Whentry-

ing to locateinformationon a product,a generalweb searchturns
up severalusefulsites,but gettinganoverall sensef thesereviews

canbe dauntingor time-consuming.

In the movie review domain,siteslike Rottentomates.corave
sprungupto try toimposesomeorderonthevoid, providing ratings
andbrief quotesfrom numerouseviews andgeneratingan aggre-
gateopinion. Suchsiteseven have their own cateyory—"Review
Hubs"—onYahoo!

Onthecommericakide,Internetclipping servicedik e Webclip-
ping.com,eWatch.comandTracerLock.conwatchnews sitesand
discussiorareasfor mentionsof a given compary or product,try-
ing to track “buzz” Print clipping serviceshave beenproviding
competitive intelligencefor sometime. The easeof publishingon
thewebledto anexplosionin contentto besuneyed, but thesame
technologymalesautomatiormuchmorefeasible.

This paperdescribesa tool for sifting throughandsynthesizing
productreviews, automatinghe sort of work doneby aggregation
sitesor clipping services. We begin by using structuredreviews
for testingandtraining, identifying appropriatefeaturesand scor
ing methodgrom informationretrieval for determiningvhetherre-
views are positive or negative. Theseresultsperformaswell as
traditionalmachindearningmethods We thenusethe classi er to
identify and classify review sentence$rom the web, whereclas-
si cation is moredif cult. However, a simpletechniquefor iden-
tifying the relevant attributesof a productproducesa subjectvely
usefulsummary

2. BACKGROUND

Althoughthe broadproblemwe aretrying to solwe is uniquein
theliterature,therearevariousrelevant areasof existing research.
Separatingeviews from othertypesof web pagesabouta product
is similarto otherstyleclassi cationproblems.Trying to determine
thesentimenbf areview hasbeenattemptedn otherapplications.
Both of thesetasksdrav onwork done nding the semanticorien-
tationof words.

2.1 Objectivity classi cation

The taskof separatingeviews from othertypesof contentis a
genreor style classi cation problem. It involvesidentifying sub-
jectivity, which Finn et al. [3] attemptedo do on a setof articles
spideredrom theweh A classi er basedntherelative frequeny
of eachpart of speechin a documentutperformedag-of-words
andcustom-lilt features.



But determiningsubjectvity canbe, well, subjectve. Wiebeet
al. [25] studiedmanualannotatiorof subjectvity attheexpression,
sentenceand documentlevel and shawed that not all potentially
subjectve elementgeally are,andthatreadersopinionsvary.

2.2 Word classi cation

Trying to understandttributesof a subjectve element—suclas
whetherit is positive or negative (polarity or semanticorientation)
or hasdifferent intensities(gradability)—is even more dif cult.
HatzivassiloglouandMcKeown [5] usedtextual conjunctionssuch
as“fairandlegitimate”or “simplistic but well-receized” to separate
similarly- and oppositely-connoteavords. Other studiesshaved
that restricting featuresusedfor classi cationto thoseadjectves
that comethroughas strongly dynamic,gradable or orientedim-
proved performanceén thegenre-classi catiortask[6, 24].

Turney andLittman [23] determinedhe similarity betweerntwo
wordsby countingthe numberof resultsreturnecby web searches
joining thewordswith a NEARoperator Therelationshipbetween
anunknavn word anda setof manually-selectedeedsvasusedto
placeit into a positive or nggative subjectvity class.

This areaof work is relatedto the generalproblemof word clus-
tering. Lin [9] andPereiraetal. [16] usedlinguistic colocationso
groupwordswith similar usesor meanings.

2.3 Sentimentclassi cation

2.3.1 Affectanddirection

Using fuzzy logic was one interestingapproachto classifying
sentiment.SubasicandHuettner[20] manuallyconstructed lex-
icon associatingvordswith affect cateyories,specifyinganinten-
sity (strengthof affect level) and centility (degreeof relatedness
to the cateyory). For example,“mayhem” would belong,among
others.to the catgyory violencewith certainlevels of intensityand
centrality Fuzzysetsarethenusedto classifydocuments.

Anothertechniquauisesamanually-constructeléxiconto derive
global directionality information (e.g. “Is the agentin favor of,
neutralor opposedo the event?”) which corvertslinguistic pieces
into rolesin ametaphoriegnodelof motion,with labelslike BLOCK
or ENABLE[7].

RecentlyLiu etal. [10] usedrelationshipgrom the OpenMind
Commonsensdatabasandmanually-speci edgroundtruthto as-
signscalaraffect valuesto linguistic features. Thesecorresponded
to six basicemotions(hapypy, sad,anger fear, disgust,surprise).
Severaltechniquesvereappliedto classifypassagessingthisknowl-
edge anduserstudiesvereconductedvith anemailcomposethat
presentedaceiconscorrespondingo theinferredemotion.

2.3.2 Recommendations

At a moreappliedlevel, Dasand Chen[1] useda classi er on
investorbulletin boardsto seeif apparentlypositive postingswere
correlatedwith stock price. Several scoring methodswere em-
ployedin conjunctionwith a manuallycraftedlexicon, but the best
performancecame from a combinationof techniques. Another
project,usingUsenetasa corpusmanagedo accuratelydetermine
whenpostersvererecommending URL in their messag¢21].

Recently Panget al. [15] attemptedo classify movie reviews
postedo Usenetusingaccompaying numericalkratingsasground
truth. A variety of featuresandlearningmethodswereemplo/ed,
but the bestresultscamefrom unigramsin a presence-basefte-
guengy modelrunthrougha SupportVectorMachine(SVM), with
82.9perceniaccuray. Limited testson this corpug usingour own
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Figure 1: Overview of project architectureand o w.

Reviews
[ C netcategory | Products Pos.| Neg
Networking kits 13 191 144
TVs 143 743 119
Laserprinters 74| 1,088 439
Cheapaptops 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 those given a “thumbs-down”. (Numbers are re-
stricted to unique reviewscontaining more than 1 token.)

classi eryieldedonly 80.6 percentaccurayg usingour baselineoi-
gramsmethod.As we discusdater, comparisongrelessclearcut
on our own corpus. We believe this is due to differencesin the
problemswe arestudying;amongotherthings,themessages our
corpusaresmallerandcover a differentdomain.

2.3.3 Commecial projects

Two commerciakolutionsto opinionmining useproximity mea-
suresandword liststo t datainto templatesandconstructmodels
of useropinion. The rst is from Opion, now part of Planetfeed-
back.con8, 22]. Theseconds from NEC Japari14].

Finally, thereis muchrelevantwork in the generalareaof infor-
mationextractionandpattern- ndingfor classi cation. Onetech-
nigue useslinguistic units called relevancy signatues as part of
CIRCUS,atool for sortingdocumentg$19].

3. APPROACH

Ourapproachasshawvn in Figurel, beginswith trainingaclassi-
er usingacorpusof self-taggedeviews availablefrom majorweb
sites. We thenre ne our classi er usingthis samecorpusbefore
applyingit to sentenceminedfrom broadwebsearches.

3.1 Corpus

Userreviews from large web siteswhereauthorsprovide quan-
tiative or binary ratingsare perfectfor training andtestinga clas-
si er for sentimentr orientation. The rangeof languageusedin
suchcorporais exactly whatwe wantto focusour futuremining ef-
fortson. Thetwo siteswe chosewereC netandAmazon,basecn
the numberof reviews, numberof productsreview quality, avail-
ablemetadataandeaseof spidering.

C netallows usergo inputatext review, atitle, andathumbs-up
or thumbs-dwn rating. Additional dataavailable but not usedin
this projectinclude dateandtime, authorname,andratingsfrom
1-5 for “support”, “value”, “quality”, and “features. A rangeof



Reviews
| Amazoncategory | Products | Pos. [ Neg
Entertainmentaptops 29 110 29
MP3players 201 979 | 411
PDAs 169 | 842 | 173
Topdigital cameras 100 | 1,410| 251
Topbooks 100| 578| 120
Alternative music 25 210 7
Top movies 100| 719 81

Table 2: Breakdowvn of Amazon categories.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.)

computerandconsumeelectronicproductsverechoserarbitrar
ily from thoseavailable,providing a diversebut constrainedsetof
documentsasshavn in Tablel. Editorial reviews by C net's writ-
erswerenotincludedin thecorpus.

Amazon,meanwhile hasonescalarrating per product(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, musicandbookswere more plentiful,
but attemptingo trainclassi ersfor thesemoresubjectve domains
is amoredif cult problem.Onereasorfor thisis thatreview-like
termsareoftenfoundin summariege.g. “The characternds life
boring” vs. “This bookis boring?).

3.2 Evaluation

Two testsweredecidedon. Test1 testson eachof the 7 C net
catgoriesin turn, usingtheremaining6 asatrainingset,andtakes
the macro&erageof theseresults. This evaluateshe ability of the
classi er to dealwith nev domainsand retainsthe skews of the
original corpus. Thereare ve timesasmary positive reviews as
negative ones,andcertainproductshave mary morereviews: MP3
playershave 13,000reviews, but networking kits have only 350.
Half of the productshave fewerthan10reviews, anda fth of the
reviews have fewer than 10 tokens. Additionally, thereare some
duplicateor nearduplicatereviews, including one that had been
posted23times.

Test2 usedl0randomlyselectedsetsof 56 positive and56 ney-
ative reviews from eachof the 4 largestC netcateyories,for atotal
of 448reviews perset. Eachreview in thetestwasuniqueandhad
morethantentokens. Using onesetfor testingandthe remainder
for training, we conducted10 trials andtook their average. This
was a much cleanertest of how well the classi er classi ed the
domainst hadlearned.

Although there are variousways of breakingdown classi ca-
tion performance—suclas precisionand recall—andweighting
performance—usingalueslike documentiengthor con dence—
thesevaluesdid not seemto provide ary betterdifferentiationthan
simpleaccurag.

Our baselinealgorithmis describedn sub-section8.6 and3.8.
Throughouthis section,we examinethe ef cacy of introducinga
numberof moresophisticatedtrataies.

3.3 Featureselection

Startingwith araw document(a portion of a web pagein test-
ing andtraining, and a completeweb pagefor mining), we strip
out HTML tagsandseparatehe documentinto sentencesThese
sentenceareoptionallyrunthrougha parseteforebeingsplitinto

Substitutions Bigrams Trigrams

Global | Cat. | Prod. | Testl | Test2 | Testl | 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-specic
words were replacedfor categories,and product nameswere
replacedfor products. The table is sparsebecauseno suitable
methodfor nding categorysubstitutionswasavailable for Test
2. In all caseswe substitute NUMBER for numbers. The one
statistically signi cant substitution isin bold (t=2.4498.

single-word tokens. A variety of transformationsanthenbe ap-
pliedto this orderedist of lists.

3.3.1 Metadataandstatisticalsubstitutions

Oneproblemwith mary featureds thatthey maybe overly spe-
cic. For example,“l calledNikon” and“l called Kodak” would
ideallybegroupedogetheras‘l calledX.” Substitutionsave been
usedto solve thesesortsof problemsin subjectvity identi cation,
text classi cation,andquestionanswering18, 19, 26], but, asin-
dicatedin Table3, they aremostlyineffective for our task.

We begin by replacingary numericattokenswith NUMBER Al-
thoughthis doesnot have a signi cant neteffecton performanceit
helpseliminatemisclassi cationsavherea stand-alon@umberike
“64” carriesastrongpositive weightfrom appearingn stringslike
“64 MB.”

In somecaseswe nd a secondsubstitutionto be helpful. All
instance®f a token from the products name,asderived from the
crawler or searchstring, arereplacedoy _productname This pro-
ducesthedesiredeffectin our“l calledX” example.

Two additionalsubstitutionswvere considered.The rst occurs
in aglobalcontet, replacinglow-frequeng wordsthatwould oth-
erwisebethresholdedut with _unique Thus,in anactualexam-
ple from camerareviews, “peachfuzz” and“pollen fuzz” become
“_uniquefuzz? This substitutiondegradedperformancehowever,
apparentlydueto overgeneralization.

Theotherreplacesvordsthatseento occuronly in certainprod-
uct cateyorieswith _producttypgord. Thus, “the focusis poor”
and“the soundis poor” couldbe groupedn agenerakemplatefor
criticism. However, nding goodcandidatesor replacemenis dif-
cult. Our rst attemptookedfor wordsthatwerepresentn mary
documentdut almostexclusively in onecatgyory. Somethindike
“color,” which might occurin discussion®f both digital cameras
andPDA'swould notbefoundby this method.A secondry looked
attheinformationgain provided by a givenword whenseparating
out catgyories.Neitheryieldedperformancemprovements.

3.3.2 Linguisticsubstitutions

At this point, we canpassourdocumenthroughLin' sMINIPAR
linguistic parsersentencéy sentenceyielding the part of speech
of eachword andthe relationshipshetweenpartsof the sentence.
Thiscomputationally-gepensve operatiorenablesomeinteresting
featuresput unfortunatelynoneof themimprove performanceon
ourtests,asshavn in Table4.

Knowing the part of speechwe canrun words throughWord-



| Features | Testl | 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 databasdor nding similarities of meaning. But, like ary
suchtool, it suffersfrom ourinability to provide word sensedisam-
biguation. Becauseeachword hasseveral meaningsit belongsto
several synsetsLackingary furtherinformation,we make a given
instanceof theword anequally-likely membeiof eachof them.Un-
fortunately this canproducemorenoisethansignal. Falsecorrela-
tionscanoccur suchasputting“duds” and“threads togethereven
thoughin the contet of electronicseviews neitherrefersto cloth-
ing. Furthermoreusing WordNet causedeaturesetsto grow to
unmanageablsize. Attemptsto develop a customthesaurugrom
word colocationsn the corpuswerealsounsuccessful.

Useddirectly, colocationgproduceaneffectoppositehatof Word-
Net. Tripletsof theform Word(part-of-speet):Relation:Vérd(part-
of-speeh) canqualify aterm'soccurrenceThisseemdik eit would
be particularly usefulfor pulling out adjective-nounrelationships
sincethey canoccurseveral words apart,asin “this stupidugly
pieceof garbage”(stupid(A):subj:piece(N)pr aspartof a modal
sentencasin “this pieceof garbages stupidandugly” (piece(N):-
mod:ugly(A)). However, using colocationsas features even after
putting noun-adjectie relationshipsnto a canonicaform, wasin-
effective.

3.3.3 Languae-basednodi cations

Two lesscostly attemptsto overcomethe variationsanddepen-
denciesn languageverealsotried with limited success.

Stemmingeemovessufx esfrom words,causingdifferentforms
of the sameword to be groupedtogether WhenPorters stemmer
[17] was applied, our classi er performedbelav the baselinein
Test1, but betterin Test2. Again, the problemseemgo be over
generalization.The corpusof reviews is highly sensitve to minor
detailsof languageandthesemaybeglossedver by the stemmer
For example ,neggative reviews tendto occurmorefrequentlyin the
pasttense sincethereviewer might have returnecthe product.

Wethentriedtoidentify negatingphrasesuchas“not” or “never”
andmarkall wordsfollowing thephraseasnegated suchasturning
“not good or useful” into “NOTgood NOTor NOTuseful! While
Panget al. noteda slight improvementfrom this heuristic, our
implementatioronly hurt performancelt may bethatsimplesub-
stringsdo a moreaccuratgob of capturingnegatedphrases.

3.3.4 N-gramsand proximity

Oncetokenizationand substitutionare complete,we cancom-
bine setsof adjacentokensinto -grams,a standardechnique
in languageprocessing.For example,“this” followed by “is” be-
comes'this is” in abigram.Examplef high-scoringn-gramsare
shavn in Table5, andperformanceesultsareshavn in Table3. In
our task, n-gramsproved quite powerful. In Test1, trigramsper
formedbestwhile in Test2, bigramsdid mamginally better Includ-
ing lower-order features(e.g. including unigramswith bigrams)
degradedperformanceunlessthesefeatureshad smallerweights
(aslittle as a quarterof the weight of the larger features). Ex-
perimentsusinglower-orderfeaturesfor smoothingwhena given
higherorder featurehad not beenpresentin the training setalso

Unigrams | Bigrams | Trigrams | Distance3
Top positive features
great easyto easyto use . great
camera | thebest i loveit easyto
best . great . greatcamera | cameragreat
easy greatcamera is thebest bestthe
support | touse . i love . hot
excellent | ilove rst digital easyuse
camera
back loveit for theprice .camera
love agreat to useand i love
not this camera is agreat touse
digital digital camera | my rst digital | camerahis
Top negative features
waste returnedt takingit back returnto
tech afterNUMBER | timeandmoneg/ | customer
service
sucks toreturn it doesnt work | poorquality
horrible | customer sendmea . returned
service
terrible . poor whatajoke theworst
return theworst backto my i returned
worst backto . returnedit supporttech
customer | techsupport . why not notworth
returned | notworth somethingelse. | . poor
poor it back . theworst backit

Table 5: Top n-gram featuresfrom C net, ordered by informa-
tion gain. Note how the dominanceof positive camerareviews
skewsthe global features.“.” is the end-of-sentencenarker.

proved unsuccessful.

A relatedtechniquesimulatesa NEAR operatorby putting to-
getherwordsthatoccurwithin  wordsof eachotherinto a single
feature. While improving performancethis was not as effective
astrigrams. Somavhat similar effects are producedby allowing
wildcardsin the middle of n-grammatches.

3.3.5 Substrings

Noting the varied bene ts of n-grams,we developedan algo-
rithm thatattemptso identify arbitrary-lengthsubstringshat pro-
vide “optimal” classi cation. We arefacedwith atradeof: assub-
stringsbecomdongerandgenerallymorediscriminatorytheir fre-
quengy decreasesso thereis lessevidencefor consideringthem
relevant. Simply building a treeof substringaup to a cutof length,
treatingeachsuf ciently-frequent substringasrelevant, yields no
betterthan 88.5 percentaccurag on the rst testusingboth our
baselineandNaive Bayes.

A more complicatedapproachwhich comparesachnode on
thetreeto its childrento seeif its evidence-diferentiationtradeof
is betterthanits child, sometime®utperforman-grams We exper
imentedwith several criteriafor choosingnot to pursuea subtree
ary further, includingits informationgainrelative to the complete
set,the differencebetweerthe scoreghatwould be givento it and
its parent,andits documenffrequeng. We settledon a threshold
for informationgainrelative to anodes parent.A secondssuewas
how thesefeatureswould be then assignedscores. Resultsfrom
differentfeatureschemesreshavn in Table6. Waysof matching
testingdatato the scoredfeaturesarediscussedater.

Toimprove performancewe drew on Churchs sufx arrayalgo-
rithm [27]. Futurework mightincorporateechniquegrom proba-
bilistic sufx treeg[2].



[ Scoringmethod | Testl | 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 some scoring metrics for variable-length
substrings. Intensity is , df is documentfre-
guency; lenis substring length.

| Basefreq. | Value | Testl | 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 71 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 51 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 baseline perfor-
mance. All defaults are 1, exceptfor a minimum document
frequencyof 3.

3.4 Thresholding

Ourfeaturecompletewethencounttheirfrequencies—thaum-
berof timeseachtermoccurs thenumberof documentgachterm
occursin, the numberof catgyoriesatermoccursin, andthe num-
ber of cateyoriesaterm occursin. To overcomethe skew of Test
1, we canalsonormalizethe counts.We thensetupperandlower
limits for eachof thesemeasuresgonstrainingthe numberof fea-
tureswelook at. Thisimprovesrelevanceof theremainingfeatures
andreduceghe amountof requiredcomputation.n someapplica-
tions,dimensionalityreductionis accomplishedby vectormethods
suchasSVD or LSI. However, it seemedhatdoing soheremight
remove minor but importantfeatures.

Resultsareshavn in Table7. Althoughnot providing maximal
accurag, our default only usedtermsappearingn at least3 doc-
uments,greatly reducingthe term space. Although somehigher
thresholdsshav betterresults,this is deceptie; somedocuments
thatwerebeingmisclassi ednowv have no known featuresandare
ignoredduring classi cation. Attemptsto normalizethe document
frequenciedy classdid not helpthresholdingapparentlybecause
the testingsethad the sameskew the training setdid. The need
for suchalow thresholdalsopointsto thewide variety of language
employedin thesereviews andthe needto maximizethe numberof
featureswve capture gvenwith sparsesvidence.

Testl Test2
| Method | Unigrams [ Bigrams | Unigrams | Bigrams
| Baseline] 85.0% | 883% | 822% | 84.6% |
[ SUM| 81.1% | 87.2% | 84.4% | 858% |

Table 8: Resultsfrom SVM . For bigrams on Test1, a poly-
nomial kernel wasused,all other settingswere defaults.

3.5 Smoothing

Before assigningscoresbasedon term frequencieswe cantry
smoothingthesenumbersassigningprobabilitiesto unseerevents
and making the known probabilitiesless“sharp” Although not
helpfulfor ourbaselinemetric,improvementsvereseerwith Naive
Bayes.

The bestresultscamefrom Laplacesmoothing,alsoknown as
add-one.We addoneto eachfrequeng, makingthe frequeng of
a previously-unseerword non-zero. We adjustthe denominator
appropriately Therefore, where is

thenumberof uniquewords.

Two other methodswere also tried. The Witten-Bell method
takes ——, where is the numberof tokensobsered, and as-
signsthatasthe probability of an unknavn word, reassigninghe
remainingprobabilitiesproportionally

Good-Turing, which did not even do aswell asWitten-Bell, is
morecomple. It ordersthe elementdy their ascendingrequen-
cies , andassignsa nev probability equalto where

—— and is the numberof featureshaving frequeny
. The probability of anunseerelementis equalto the probability
of wordsthatwereseenonly once,i.e. . Be-
causesomevaluesof areunusuallylow or highin our sample,
pre-smoothings required. We utilized the Simple Good-Turing
code from Sampsonwherethe valuesare smoothedwith a log-
linear curve [4]. We alsousedadd-onesmoothingso thatall fre-
qguenciesvere non-zero;this worked betterthanusing only those
datapointsthatwereknown.

3.6 Scoring

After selectinga setof features andoptionally smooth-
ing their probabilities,we mustassignthem scoresusedto place
testdocumentsn the setof positive reviews — or negative reviews

. Wetried somemachine-learningechniquesisingthe Rainbav
text-classi cationpackagd11], but Table9 shavstheperformance
wasno betterthanour method.

We alsotried SVM , thepackag@ usedby Pangetal. When
duplicatingtheir methodology(normalizing,presenceanodel,fea-
ture spaceconstraining)the SVM outperformedur baselinemet-
ric on Test2 but underperformedt on Test1, asshovn in Table
8. Furthermoreour bestscoringresultusing simple bigramson
Test2, theoddsratio metric,hasanaccurayg of 85.4%,statistically
indistinguishabldrom the SVM result(t=.527).

On the other hand, our implementationof Naive Bayeswith
Laplacesmoothingdoesbetteron Test1 for unigramsand worse
on Test2 or whenbigramsareused.Theresultsareshavn in Table
10. To preventunder ow, theimplementatiorusedthesumof s,
yielding thedocumenscoreformulabelow.

2http://svmlight.joachims.gr



| Method | Test2 |
| Unigrambaseline| 82.2% ]

Maximumentropy | 82.0%
Expectatiommaximization | 81.2%

Table 9: Resultsof machinelearning using Rainbow.

| Method [ Testl | 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 testsusing Naive Bayes.

We obtain more consistentperformanceacrosstestswith less
computationwhenwe usethe variouscalculatedfrequenciesand
techniquedrom informationretrieval, which we comparen Table
11. Our scoringmethod,which we refer to asthe baseline was
fairly simple.

We determine , the normalizedterm frequeng, by taking
thenumberof timesafeature occursin  anddividing it by the
total numberof tokensin . A term's scoreis thusa measureof
biasrangingfrom —1to 1.

Several alternatves fail to performaswell. For example, we
canusethetotal numberof termsremainingafter thresholdingas
the denominatoiin calculating , Which makes eachvalue
larger Thisimprovesperformanceon Test2, but noton Test1. Or
we cancompletelyrede ne the event modelfor , making
it usepresencanddocumenfrequeny insteadof termfrequeng.
Here, we take the numberof documents occursin from  di-
vided by the numberof documentsn . This performsbetteron
Test2 but doesworseasaresultof theskew in Test1.

A similar measurethe oddsratio[12] is calculatedas

Although discussedisa methodfor thresholdingfeaturesprior to
machindearning,we foundthatit doeswell on Test2 asanactual
scoreassignmentperformingon parwith the SVM. Unfortunately
this metric is sensitve to differencesn classsizes,andthus per
forms poorly on Test1. When usingterm insteadof document
probabilities,performancéas more consistentjput worsethanour
measure.

Othermetricsdid poorly onbothtests.OneoptionwastheFisher
discriminant,which looks at the differencesin the averageterm
frequeng of aword in differentclassesnormalizedby theterm's
intra-classvariance. If ,and is the average
termfrequeng of inclass , and is thecountof in mes-
sage of class ,

Butthismeasurés notwell-suitedto thenoisy, binaryclassi cation
problemwe areconfrontedwith.

| Features | Testl | Test2 |

Unigrambaseline| 85.0% | 82.2%

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

Oddsratio | 84.7% | 82.6%
Probabilitiesafterthresholding| 76.3% | 82.7% (t=2.474)
Baseling(presencenodel) | 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 scoring schemes.

A secondmethodusedinformation theory to assigneachfea-
tureascore.As in thefailure of reweighting,it may be thatthese
methodsare simply too sensitve to term frequeny whensimple
absencer presencas moreimportant. The de nition of entropy
for abinaryclassi cationis

Informationgainis calculatedas

whereeacheventis a document.Wordsareassigned sign based
onwhich classhadthe highestnormalizedtermfrequeng.

We alsotried using Jaccards measureof similarity asan ultra-
simplebenchmarkwhichtakesthenumberof words hasin com-
monwith , divided by the numberof wordsin . But this
works quite poorly dueto the skew in the dataset. We alsofound
thatsetting producedaccurayg belav
simply assigningeverythingto the positive set.

3.7 Reweighting

Oneinterestingpropertyof the baselinemeasurds thatit does
notincorporatethe strengthof evidencefor a givenfeature. Thus,
arareterm,like“friggin”, whichoccursin 3 negative documentsn
oneset,hasthe samescore,—1, as‘li vid”, which occurs23 times
in the sameset. Table 12 shavs thatmostattemptso incorporate
weightingwereunsuccessful.

Althoughinformationretrieval traditionally utilizesinversedoc-
umentfrequeng (IDF) to helpidentify rarewordswhichwill point
to differencesdbetweersets,this doesnot make senseén classi ca-
tion. Multiplying by documentfrequeng, dampenedy , did
provide betterresultson Test1.

We tried assigningveightsusinga Gaussiamweightingscheme,
whereweightsdecreas@olynomially with distancefrom a certain
meanfrequeng. This decreasetheimportanceof bothinfrequent
and too-frequentterms. Thoughthe meanand variancemustbe
picked arbitrarily (sincethe actualfrequenciesarein a Zipf distri-
bution), someof the parametersve tried seemedo work.

We alsotried usingthe residualinversedocumentrequenyg as
describedoy Church, which looks at the differencebetweenthe
IDF andtheDF predictedoy thePoissormodelfor arandomword

(i.e. ). However,
noimprovementgesulted.
3.8 Classifying

Onceeachtermhasa score we cansumthe scoresof thewords
in anunknavn documentandusethe signof thetotal to determine



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%
Testl Substring Baseline 61%
Test2 Substring+ Baseline 59%

_productname
Testl Bigram Baseline 62%

Table 13: Results of mining methods. Unlik e our classi ca-

Basefreq. | Transform | Testl | 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| lognorm. | 84.7% 81.7%
term 84.9% 82.2%

term log | 84.9% 82.2%

term | gausg3,.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 | gausg4,.5) | 88.3% 84.6%
bigramdoc. log | 88.4% 84.3%

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

aclass.In otherwords,if document ,

where

Whenwe have variable-lengthifeaturesfrom our substringtree,
thereare several optionsfor choosingmatchingtokens. The most
effective techniqueis to nd thelongestpossiblefeaturematches
startingat eachtoken. Although it appearghis may leadlonger
featurego carrymoreweight(e.g.“l returnedhis” will becounted
againas“returnedthis”), this turnsout to not be a problemsince
thetotal scoreis still linearin thenumberof tokens.Whenwe tried
disalloving nestednatchesor usingdynamicprogrammingo nd
the highest-con dencenon-orerlappingmatchesthe resultswere
notasgood. We alsoexperimentedwith allowing wildcardsin the
middle of tokens.

Onetrick tried during classi cationwasa sortof bootstrapping,
sometimesalledtransductie learning. As the testsetwasclassi-

ed, thewordsin the testsetwerestoredandincreasinglyusedto

supplementhe scoresfrom the training set. However, no method
of weightingthis learningseemedo actuallyimprove results. At

best,performancavasthe sameashaving no bootstrappingtall.

3.9 Scalarratings

In our preliminarywork with the Amazoncorpus differenttech-
nigueswereneededTheintuitive approachwasto give eachword
aweightequalto the averageof the scoresf thedocumentst ap-
pearsin. Thenwe could nd the averageword scorein atestdoc-
umentin orderto predictits classi cation. In practice,this tends
to clusterall of thedocumentsn the center Trying to assigneach
word a scorebasedon the slopeof thebest t line alongits distri-
bution hadthe sameresult.

Two solutionsto this problemweretried: exponentially“stretch-
ing” the assignedscoreusingits differencefrom the mean,and
thresholdinghefeaturesetsoonly thosewith moreextremescores

tion test, substitutions did not impr ove results,while a differ ent
scoring method actually worked better, showing that further
work must be doneon this speci ¢ problem.

Group | Accuracy | Accuracyw/ol's
First200 42% 76%
Second200 21% 58%
Last200 50% 34%

Table 14: Resultsof mining ordered by con dence. Con dence
has a positive correlation with accuracy oncewe remove irr el-
evant or indeterminate cases.Although the breakdown is not
provided here, this relationshipis the resultof accuracytrends
in both the positive and negative sentences.

wereincluded. Both worked moderatelywell, but a Naive Bayes
classi cationsystemwith separat@robabilitiesmaintainedor each
of the 5 scoringlevels,actuallyworked evenbetter

Of coursetheabsoluteclassi cationis only oneway of evaluat-
ing performanceandideally a classi er shouldgetmorecreditfor
mis-ratinga 4 review asa 5 thanasa 1, analogougo con dence
weightingin thebinaryclassi cationproblem.

Mooney etal. [13] faceda similar problemwhentrying to use
Amazonreview informationto train book recommendatiotools.
They usedthree variations: calculatingan expectedvalue from
Naive Bayesoutput, reducingthe classi cation problemto a bi-
nary problem,andweightingbinaryratingsbasedn the extremity
of theoriginal score.

3.10 Mining

As a follow-on task,we crawl searchengineresultsfor a given
products nameandattempto identify andanalyzeproductreviews
within this set. Initially, we usea setof heuristicsto discardsome
pages,paragraphsand sentenceshat are unlikely to be reviews
(suchaspageswithout “review” in their title, paragraphsot con-
tainingthe nameof the product,andexcessiely long or shortsen-
tences). We thenusethe classi erstrainedon C netto rate each
sentencen eachpage.We hopedthatthefeaturedrom the simple
classi cation problemwould be useful, althoughthe taskandthe
typesof documentainderanalysisarequite different.

3.10.1 Evaluation

In fact, thetrainingresultsgive ussomemisdirection:negatively
weightedfeaturescanbe arything from “headphones’(not worth
mentioningif they are okay) to “main characters(usedonly in
negative reviews in our Amazonset) even though none of these
stronglymarkreview contentin documentstlarge. Therearealso
issueswith granularity sinceareview containing‘the only problem
is” is probablypositive, but the sentence&ontainingit is probably
not.

Ontheweb,aproductis mentionedn awide rangeof contets:



Figure2: Initial search resultsscreenlists categoriesand assessments.

passingmentions lists, sales.formal reviews, userreviews, tech- ter (for Amstel,we got“the taste”,“the avor”, “the calories”,“the
nical supportsites,articlespreviewing the product. Most of these best”). For eachattribute, we displayedreview sentencesontain-
containsubjectve statementsf somesort, but only someof these ing the bigram,aswell asan overall scorefor that attribute. The
would be consideredeviews andonly someof themarerelevantto interfacealsoshavs the amounteachfeaturecontritutedto a sen-
our targetproduct. Any of thesecould be red herringsthat match tences scoreandthe context of asentenceasseenin Figure3.

thefeaturestrongly For example resultdike“View all 12 reviews

onAmstelLight” sometimegometo thefore basednthestrength 4. SUMMARY AND CONCLUSIONS

of stronggenericfeatures.

To quantify this performancewe randomly selected600 sen-
tences(200 for eachof 3 products)as parsedandthresholdedy
the mining tool. Thesewere manuallytaggedas positive ( ) or

negative (). This processvashighly subjectve, andfuture work cult

shouldfocus on developing a bettercorpus. We placed173 sen- 1.

tencesin and71lin . Theremaining356 wereplacedin
meaningthey wereambiguousvhentaken out of context, did not
expressanopinionatall, or werenotdescribingheproduct.Clearly,
aspecializedyenreclassi erto take a rst passatidentifying sub-
sentence®r multi-sentencéragmentghatexpresscoherenttopical
opinionsis needed.
On the reducedpositive-neative task,our classi er doesmuch

better Table 14 shavs thatwhenwe exclude sentenceglacedin

, the trend validatesour methodof assigningcon dence. In the
most-con denttercile,accurag reaches 6 percent.The bestper
forming classi cation methods,as Table 13 shavs, usedour sub-
stringmethod.

3.10.2 Presentation

Finally, we try to group sentencesinder attribute headingsas
shavnin Figure2. We attemptedo usewordsmatchingthe _product-
typewod substitutionas potential attributes of 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”) we found

that simply looking for bigramsstartingwith “the” and applying 4.

somesimplethresholdsandthe samestopwordsworked even bet-

We wereableto obtainfairly goodresultsfor thereview classi -
cationtaskthroughthe choiceof appropriatdeaturesandmetrics,
but we identi ed a numberof issuesthat malke this problemdif -

Rating inconsistency Similar qualitatve descriptionscan
yield very differentquantitatie reviews from reviewers. In
themostextremecasereviewersdonotunderstandherating
systemandgive a 1 insteadof a 5.

. Ambivalenceand comparison. Somereviewers useterms

that have negative connotationsbut then write an equivo-
cating nal sentencexplainingthatoverall they weresatis-
ed. Otherscomparea negative experiencewith oneproduct
with a positive experienceusing another It is dif cult to
separat®ut the coreassessmerthat shouldactuallybe cor
relatedwith the documens score.Mixedreviews introduce
signi cant noiseto the problemof scoringwords.

. Spasedata. Mary of the reviews arevery short,andthere-

fore we mustbeableto recognizea broadrangeof very spe-
ci ¢ features. Thresholdingout the shorterreviews helps
classi cation performance. Reviews from Amazon, when
turnedinto a binary classi cation problem,aremucheasier
to classify at leastin partbecausef their generallylonger
size.In the C netcorpus,morethantwo-thirdsof wordsoc-
curredin fewer than3 documents.

Sleweddistribution. On both sites,we nd thatpositive re-
views were predominantand certainproductsand product



Figure 3: Screenshot of scored sentencesvith contextand breakdown.

typeshave morereviews. Thisis why, for example theword
“camera’is listed asatop positive feature:theword appears
in alarge portion of thereviews, andmostof thoseareposi-
tive. Although negative reviews wereoftenlonger their lan-
guagewasoften morevaried,andachieving goodrecall on
thenggative setwasdif cult.

Thesechallengesnay bewhy traditionalmachindearningtech-
nigues(like SVMs) andcommonmetrics(like mutualinformation)
donotdoaswell asourbiasmeasureavith n-gramsonthetwo tests.
Few re nementsimproved performancén both cases.Encourag-
ingly, two key innovations—metadataubstitutionsand variable-
lengthfeatures—werdéelpful. Couplingthe _productnamesubsti-
tution with the bestsubstringalgorithmyielded85.3 percentaccu-
ragy, higherthanthe 84.6 percentaccurag of bigrams. However,
highvarianceandsmallsamplesizeleave usjustshortof 90 percent
con dencein at-test.

Extractionprovedmoredif cult. It maybethatfeatureghatare
lesssuccessfuin classi cation,like substringsdo betterin mining
becaus¢hey aremorespeci c. Morework is neededn separating
genreclassi cationfrom attributeandsentimenseparation.

A variety of stepscanbetakento extendthis work:

Developa corpusof more nely-taggeddocumentsWithout
asetof documentsaggedatthesentencer expressiorlevel,
it hasbeendif cult to designfor or evaluateextractionper
formance. Precisionshouldbe greatlyimproved by having
multiple granularitiesof tagsavailable.

Conducttestsusinga larger numberof sets.Becauseof the
highvariability—thestandararrorswerearoundl.5for Test
1and.6for Test2—it wasdif cult toyield signi cant results.

Continueto experimentwith combinationsand parameters.

The possibilitiesfor combiningandtuning the featuresand
metricsdiscussedherehave certainlynot beenexhausted.

Find waysto decreasever tting andgeneratdeaturesmore

usefulfor extractingopinionsandattributesfromwebsearches.

Learnwaysto separat®ut typesof reviews andpartswithin
reviews andtreatthemdifferently

Createintermediatetest scenarioghat have fewer indepen-
dentvariables Althoughusingradicallydifferenttestshelped
identify usefulfeaturesye now wantto identify why certain
featuresonly work in certainsettings.

Try to improve the ef ciency of the algorithms. At present,
the substringalgorithmstake several minuteson even the
smallersecondestcaseandrequireover agigabyteof mem-
ory. Thereshouldbewaysto make this morereasonable.
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