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Abstract

Genreor style analysiscanbe usedto improve re-
sults achieved using standardIR techniques. A
genreclassis agroupof documentshatarewritten
in asimilar style. Genreclassi cationcanidentify
documentghatarewritten in a style mostlikely to
satisfyausersinformationneed.

We considerthe use of Machine Learning tech-
niguesappliedto thetaskof automaticgenreclas-
si cation. We investigategwo samplegenreclassi-
cation tasks:whethera news article is subjectve
or objectve; and whethera review is positive or
negative. We investigatethe useof threedifferent
feature-set$or building genreclassi ers.

We arguethattraditionalmethodsof evaluatingtext
classi ersareinsufcient for genreclassi ersand
emphasizelomaintransferfor the generateclas-
si ers. Domaintransferindicatesthe ability of a
genreclassi erto classifydocumentshatareabout
topicsotherthanthoseit wastrainedon.

For bothsamplegenreclassi cationtaskswe build
classi ers that perform well within a single topic
domain. We alsoinvestigateand evaluatethe per
formanceof theseclassi ers when transferredto
new subjectdomains.

We describeamethodof combiningevidencebased
on differentfeature-setsWe show thatan ensem-
ble learnemasedn differentfeature-setgmproves
performancefor genreclassi cation. We further
combinepredictionsfrom differentfeature-setso

selectvely samplewhich documentgo addto the

training setand shaw that this approachimproves
thelearningrateof theresultinggenreclassi er.

1 Intr oduction

Thereis avastamountof informationavailableto the casual
usertodaymainly dueto the proliferationof the world wide
web (WWW). However, it hasbecomedif cult to nd thein-
formationthatis mostappropriateto a given query While
userscanusually nd relevantinformation, it is increasingly
dif cult toisolateinformationthatis suitablein termsof style

or genre.Currentsearchservicegake a “one size ts all ap-
proach”, taking little accountof the individual usersneeds
andpreferencesTheseaechniquesucceedn identifyingrel-
evant documentsput the large numberof documentgele-
vantto a given query can make it dif cult to isolatethose
documentghatare mostrelevantto thatquery It is easyto
achieve high recall, but high precisionin additionto high re-
call is much more challenging. The hugevolume of infor-
mationavailablemeanghatnew techniquesreneededlter
therelevantdocumentsandidentify theinformationthatbest
satis esausersinformationneed.

We have identi ed automaticgenreanalysisas an addi-
tional tool that cancomplemengxisting techniquesandim-
prove theresultsreturnedo a user Genreinformationcould
beusedto lter or re-rankdocumentsleemedelevant. The
relevanceof a particulardocumento a givenqueryis depen-
denton the particularuserissuingthe query We believe that
the genreor style of text in adocumentanprovide valuable
additionalinformation when determiningwhich documents
aremostrelevantto a particularusers query

By genrewelooselymearthestyleof text in thedocument.
A genreclasss aclassof documentshatareof asimilartype.
This classi cationis basecdhot on the topic of the document,
but ratheronthekind of text used.

Theability to identify the style of text usedin a document
would be a valuableservicein ary text retrieval system.For
example,considera query about“chaostheory”. Different
userswill requiredocumentsvhich assumeifferentlevels
of expertise dependingpn the userstechnicalbackgroundIt
would be usefulto be ableto rank documentsaccordingto
thelevel of technicaldetailwith which they presentheir sub-
ject. Currentinformationretrieval systemsawvould be greatly
enhancedby theability to Iter documentsccordingto their
genreclass. A high schoolstudentmay requiredocuments
thatareintroductoryor tutorial in style, while a college pro-
fessomayrequirescholarlyresearcllocuments.

As anotherexample,considemews ltering. Thisis gen-
erally doneaccordingto the topic of the news article. This
servicewould beimprovedby theability to Iter thenewsar
ticlesaccordingto differentgenreclassesFor example,con-
sidera nancial analystwho tracksdaily news aboutcompa-
niesin whichsheis interestedIt would beusefulto beableto
furtherclassthesedocumentssbeingsubjectve or objectve.
Oneclassof documentavould presenthe latestnews about



thevariouscompanie®f interestwhile theotherclasswould
containtheopinionsof variouscolumnistsandanalystsabout
thesecompaniesDependingon circumstanceghe usermay
requiredocument®f oneclassor the othet

Another genreclasswith useful applicationis the ability
to identify whethera documents describingsomethingn a
positive or negative way. This could be usedto improve a
recommendesystem.Documentsouldberecommendedn
thebasisthatthey weregivena positive review by a reviewer
with similar interestgo the targetuser

Anotherapplicationof review classi cationis Itering of
newswire articlesfor nancial analysis. Financialanalysts
mustquickly digestlarge amountsof informationwhenmak-
ing investmentecisions.A delayof a few secondsn iden-
tifying importantinformation canresultin signi cant gains
or losses.The ability to automaticallyidentify whethemews
abouta compaly is positive or negative would be a valuable
servicein suchasituation[10].

The ability to lter documentsaccordingto the level of
technicalinformation presentedand the readability of the
documentwould enablea systemto personalizedlocuments
retrieved accordingto the users educationalbackground.
With a suitablesetof genreclassesa systemwith a dualcat-
egory structure thatallowed usersto browsedocumentsac-
cordingto bothtopic andgenrewould be useful. Genreanal-
ysis canfacilitateimproved personalizatiorby recommend-
ing documentghat arewritten in a style that the user nds
interestingor a style thatis appropriateto the usersneeds.
We considemenreto be complimentanto topic asa method
of recommendationThe two usedin conjunctionwith each
othercanimprovethe quality of ausers recommendations.

2 Genre Classi cation

In our introductionwe gave a generaloutline of what we
meanby genre. Here we de ne our interpretationin more
detail.

2.1 What is genre?

Theterm “genre” occursfrequentlyin popularculture. Mu-
sic is divided into genresbasedon differencesn style, e.g.
blues,rock or jazz. Samplegenresfrom popular ction in-
clude science ction, mysteryanddrama. Genresare often
vagueconceptaith no clearboundariegndneednotbedis-
joint. Foragivensubjectareathereareis no x edsetof genre
catgories.ldentifying a genretaxonomyis a subjectve pro-
cessandpeoplemaydisagreeaboutwhatconstitutesagenre,
or thecriteriafor membershipf a particulargenre.

The Americanheritagedictionaryof the Englishlanguage
de nes genreas“A catayory of artistic composition,asin
music or literature, marked by a distinctive style, form or
content”. Websters revised unabridgeddictionaryde nes a
genreas“class;form; style esp. in literature”. Wordnetde-
nes genreas“1: akind of literary or artisticwork 2: a style
of expressingyourselfin writing 3: aclassof artisticendea-
our having a characteristiédorm or technique”.

Fromthedifferentde nitions we seethatthereis node ni-
tiveagreemenbnwhatis meantby genre.However, thecom-
mon threadamongthesede nitions is that genrerelatesto

style. The genreof a documentre ects a certainstyle rather
thanbeingrelatedto the content. In generalthis is whatwe
meanwhenwe refer to the genreof a document:the genre
describesomethingaboutwhatkind of documentt is rather
thanwhatthedocumenis about.

Genreis orthogonalto topic. Documentsthat are about
the sametopic canbe from differentgenres.Similarly, doc-
umentsfrom the samegenrecan be aboutdifferenttopics.
Thus we must separatethe identi cation of the topic and
genreof adocumentandtry to build classi ersthataretopic
independent.This contrastswith the aim of othertext clas-
si cation tasks,thusthe standardnethodsof evaluatingtext
classi ers are not completelyappropriate. Whenwe evalu-
ateour genreclassi ers,we measuréhow well they perform
acrossmultiple subjectdomains.In orderfor genreclassi -
cationtechniguedo be generallyuseful,it mustbe easyto
build genreclassi ers. Therearetwo aspectgo this. The

rst is that of domaintransfer: classi ers shouldbe gener

ally applicableacrossmultiple topics. The seconds that of
learningwith smallamountsof training data. Whenbuilding
genreclassi ers,we wantto achieve good performancevith
asmallnumberof examplesof thegenreclass.

To summarizewe view a genreasa classof documents
that arisesnaturally from study of the languagestyle and
text usedin the documentcollection. Genreis an abstrac-
tion basedon a naturalgroupingof documentsaritten in a
similar style andis orthogonatto topic. It refersto the style
of text usedin the document.A genreclassis a setof doc-
umentswritten in a similar style which senessomeuseful
discriminatoryfunctionfor usersof the documentollection.

We focusedontwo samplegenresvhichwe usefor ourau-
tomaticgenreclassi cationexperimentsThe rst is whether
anews articleis subjectvei.e. it presentgheopinionof it's
author or objective. The seconds whethera review is posi-
tive or negative.

2.2 SampleGenre Classes

The rst genreclasswe investigateis whethera document
is subjectve or objectve. This is a commondistinctionin
newspaperarticlesand othermedia. Many news articlesre-
port somesigni cant event objectively. Otherarticlesoffer
theauthorsopinion. Theseoftentake theform of columnsor
editorials.

Considerthe exampleof nancial news. Financialnews
sitespublishmary articleseachday. Articles of genreclass
fact may be reporting the latest stock prices and various
eventsthat are likely to in uence the stock price of a par
ticular compauy. Articles of genreclassopinionmaygive the
opinionsof various nancial analystsasto theimplicationsof
the eventsof the day for future stockprices. Differentusers
at differenttimes may be bettersened by articlesfrom one
genreor the other It would be a useful servicefor the user
to be ableto lter or retrieve documentdrom eachof these
genreclasses.

Our secondsamplegenreclassis classifyingreviews as
being either positive or negative. The ability to automati-
cally recognizethe tone of a review could have application
in the collaboratve recommendatiosystems.For example,
if aparticularmovie critic who generallyhassimilar tastedo



Objectve | In a move that sentEnron shareshigher
after days of double-digitdeclines,Dyn-
egy con rmed Tuesdaythatit is in talksto
rengyotiateits $9 billion dealto buy its ri-
val.

The collapseof Enronis hardto believe,
andeven harderto understandBut in ret-
rospecttherearesomevaluablelessonsn
thewholemess.

Subjectve

Positve CameronCrow's rst Im since “Jerry
Maguire” is so engaginggentertainingand
authenticthat it's destinedto becomea
rock-eraclassic.

Negative | Vanilla Sky is a misbegottenventurethat

transformsa awed but intriguing original
into anelephantinepretentiousness.

Tablel: Documentextractsfrom eachgenreclass

Test
O Subjective

Fuosothall W cvjective

Domain Transfer

Figurel: Genreclassi cationfor domaintransfer

ausergivesa Im a positive review, thenthat Im could be
recommendedo the user Films could be recommendedn
the basisof how they arereviewed by critics thatareknown
to have similar tastego a particularuser

Table 1 shav a selectionof documentextractsfrom our
documentcollection. A humanreadercanrecognizea sub-
tle differencein style betweenextractsfrom subjectve and
objectie articlesandsimilarly betweerthe positive andneg-
ative reviews. We investigateechniquedor automatinghis
classi cation.

Our aim in constructingthe classi er is to maximizeac-
curag bothwithin a singledomainandacrossdomains.To
thisendwe usedatasetfrom threesubjectdomains:football,
politics and nance!, for the subjectvity classi cation task
anddocumentgrom two subjectdomains:movie reviewsand
restauranteviews for the review classi cationtask. We are
interestedn how well aclassi er trainedon documentgrom
one domainperformsin another We identify the different
subjectdomainsin orderto determinehow well theclassi er

10our documentorpusis availableto the researcltcommunityat
http://www.smi.ucd.ie/hyppia

performsacrosanultiple subjectdomainsfor the samegenre
classi cationtask. Becauseggenreis orthogonalto topic we
wish to build classi ersthatperformwell in subjectdomains
otherthanthe one usedto build the classi er. For example,
aclassi er built to recognizewhethera documenis subjec-
tive or objective by training it on documentsaboutfootball
shouldideally beableto recognizesubjectve documentshat
areabouttopicsotherthanfootball suchas nance or politics
(Figurel).

The practicaleffort involvedin building a genreclassi er
is considerable A humanmustlabel a numberof examples
to train the classi er. It is essentiato minimize this human
effort. Becauseof this we aim to build genreclassi erswith
gooddomaintransfer Becauseof the amountof humanef-
fort involved in constructinga genreclassi er, it shouldbe
reusableacrossmultiple subjectdomains. If it hasto bere-
trainedevery time it is to be usedin a new subjectdomain,
the amountof work requiredto maintainit will be consid-
erableandin high volume digital library scenariocould be
prohibitive.

2.3 Relatedwork

In our work we have identi ed two samplegenresfor use
in our experiments.Thesegenresare subjectve or objective
news articlesand positive or negative reviews. Wiebe [17]
de nessubjectvity classi cationasdistinguishingsentences
usedto presenbpinionsandevaluationsdrom sentenceased
to objectively presentfactualinformation. Sheinvestigates
subjectvity classi cationatthesentencdevel andconcludes
that the presenceandtype of adjectivesin a sentencas in-
dicative of whetherthe sentencas subjectve or objectie.
We seekto performsubjectvity classi cationatthedocument
level.

Tong[16] describes systemthatfocuseson trackingvar-
ious entitiesand the opinions being expressedaboutthem.
The opinionsare tracked by monitoring online public dis-
cussionforums. In particular they monitoronline discussion
aboutmoviesanddeterminehelevel of buzzassociateavith
speci ¢ moviesasthey move from announcementf release,
throughopeningweelend and on to extendeddistribution.
Opinionsare extractedusing sentimentmodels. Theseare
patternsthat capturethe way peopletalk aboutmovies and
usea setof customlexicons that cover personalemotions,
movie featuresand languagetone. Theseare also usedto
modelthetoneof theopinion. It appearshatthey useheuris-
ticsto identify positive andnegative opinionsbeingexpressed
aboutparticularmovies. We seekto automatethe classi ca-
tion of reviews aspositive or negative.

Stamatatost al. [15] recognizethe needfor classi ers
that can easily transferto nev domains,without explicitly
mentioningdomaintransfer However they do not elaborate
on how to evaluatetransfer Their notion of genreis similar
to ours.

Their feature-sets the mostfrequentlyoccurringwordsof
the entirewritten languageandthey shav thatthe frequengy
of occurrenceof the mostfrequentpunctuationmarkscon-
tains very useful stylistic information that can enhancethe
performancef anautomatidext genreclassi er.



Thisapproachs domainandlanguagendependenandre-
guiresminimal computation They do notperformary exper
imentsto measureghe performancef their classi er whenit
is transferredo new subjectdomains.

Thiswork is closelyrelatedto ours. They identify theneed
for domaintransferbut do not develop this ideaary further.
Their de nition of text genreis similar to ours andtwo of
the genreclasseghey identify aresimilar to our subjectvity
classi cationtask. The featureghey usearestop-wordsand
punctuatiorsimilar to our text statisticsfeature-set.

Kessleretal. [8] arguethatgenredetectionbasedon sur
facecuesis assuccessfuhsdetectionbasedon deeperstruc-
tural properties. Argamonet al. [1] considentwo typesof
featuresiexical andpseudasyntactic.They compareheper
formanceof functionwordsagainstPOStrigramsfor distin-
guishingbetweerdifferentsetsof news articles.

Roussine etal. [14] view genreasa groupof documents
with similar form, topic or purpose,“a distinctive type of
communicatveaction,characterizetdy asociallyrecognized
communicatie purposeandcommonaspect®f form”. This
is amoregeneraliew of genrewheregenreis a groupingof
similar documentsSomegenresarede ned in termsof pur-
poseor function,othersin termsof physicalform while most
documentsombinethetwo.

They attemptto identify genresthat web usersfrequently
faceandproposea collectionof genreghatarebettersuited
for certaintypesof informationneed. To this end, they per
formeda usersurwey to seel) whatis the purposefor which
userssearctthe web,and?2) whethertherewasarelationbe-
tweenthe purposeof a respondentsearchandthe genreof
documentetrieved. This resultsin a proposedsetof genres,
alongwith asetof featuredor eachgenreandauserinterface
for genrebasedsearching.

Dewdnew etal. [4] take theview thatgenreof adocument
istheformatstyle. Genreis de ned asa“label whichdenotes
a setof corventionsin the way in which informationis pre-
sented”.Thecorventionscover bothformattingandthe style
of languageused. They usetwo feature-setsa setbasedon
words(traditionalBOW) anda setbasedntheway in which
the text is presented. The presentatiorfeaturesdo consis-
tently betterthantheword frequeng featuresandcombining
the feature-setgjivesa slight improvement. They conclude
thatlinguistic andformatfeaturesalonecanbe usedsuccess-
fully for sortingdocumentsnto differentgenres.

RauberandMuller-Koller [13]arguethatin atraditionalli-
brary, non content-basethformationsuchasageof a docu-
mentandwhetherit looksfrequentlyusedareimportantdis-
tinguishingfeaturesandpresenta methodof automaticanal-
ysis basedon varioussurfacelevel featuresof the text. The
approachusesa self-omganizingmap(SOM) [9] to clusterthe
documentsaccordingto structuraland stylistic similarities.
This informationis thenusedto graphicallyrepresentiocu-
mentsaccordingo structuralandstylistic similarities. In this
approachhegenresareidenti ed from clustersof documents
thatoccurin the SOM ratherthanbeingde ned in advance.

Karlgren[5; 6; 7] hasdoneseveral experimentsin genre
classi cation. In [5] he shavs thatthetexts thatwerejudged
relevantto a setof TREC queriesdiffer systematically(in
termsof style)from thetexts thatwerenot relevant.

In [6], Karlgrenet al. usetopical clusteringin conjunc-
tion with stylistics basedgenrepredictionto build an inter-
active information retrieval engineand to facilitate multi-
dimensionalpresentationof searchresults. They built a
genrepaletteby interviewing usersjdentifying severalgenre
classeshatareusefulfor web Itering.

The systemwasevaluatedby usersgivenparticularsearch
tasks. The subjectsdid not do well on the searchtasks,but
all but onereportedthatthey likedthegenreenhancedearch
interface. Subjectsusedthe genresn the searchinterfaceto
Iter the searchresults. The searchinterfacedescribeds an
exampleof how genreclassi cationcanusefullyaidinforma-
tion retrieval.

3 Approach

Our approaclis to useMachineLearningtechniquegor au-
tomatic genreanalysis. We attemptto identify the features
which will leadto classi ersthatperformwell acrossmulti-
ple subjectdomainsandcaneasilybebuilt automatically We
investigatethe performancef our classi ersacrossmultiple
subjectdomains. We usetwo samplegenretasksto testthe
utility of threesetsof featuresfor the purposeof automatic
genreclassi cation. We useC4.5[12] asour mainlearning
algorithm.

We emphasizehe ability to transferto new subjectdo-
mainswhenbuilding our classi ersandwe evaluatedifferent
feature-setfor performancecrossnultiple subjectdomains.

In additionto building classi ersthatwill transfereasily
to new domainswe wish to minimize the effort involvedin
building a genreclassi er. We wish to be ableachieve good
performancewith a minimum amountof labelleddata. To
this endwe examinethe learningratesof our classi ersand
investigatemethodsof improving this learningrateusingac-
tive learningtechniques.

The three feature-setsnvestigatedcan be thoughtof as
threeindependentiews of the datasetWe investigatemeth-
ods of combiningthe modelsbuilt usingeachfeature-seto
improve classi er performance.

Our contributionswill be:

To investigatethe feasibility of genre classi cation us-
ing madine learning We wish to investigatewhether
machindearningcansuccessfullypeappliedto thetask
of genreclassi cation. We usetwo samplegenreclas-
si cation tasksto investigateheissuesarisingfrom the
taskof genreclassi cation.

Toinvestigatehow well differentfeature-setgperformon
thetaskof genreclassi cation. Usingtwo samplegenre
classi cationtaskswe performexperimentausingthree
differentfeature-setandinvestigatevhich featuressat-
isfy thecriteriafor building goodgenreclassi ers.

To investigateheissuesnvolvedin building genreclas-
si ers with good domaintransfer The task of genre
classi cationrequiresadditionalmethodsof evaluation.
Weintroducetheideaof domaintransferasanindication
of the performanceof a genreclassi er acrosamultiple
subjectdomains. We evaluateeachof the feature-sets
for their ability to produceclassi erswith gooddomain
transfer



To investigatehow we can apply active learningtech-
niquesto build classi ersthat performwell with small
amountof training data

To investigatemethodsof combiningmultiple feature-
setsto improve classi er performance.

4 Feature-sets

We have exploredthreedifferentwaysto encodea document
asavectorof features.

4.1 Bag-of-words

The rst approachrepresentegachdocumentas a bag-of-
words (BOW), a standardapproachin text classi cation. A
documents encodedasa feature-ector, with eachelement
in thevectorindicatingthe presencer absencef aword in
the document. We wish to determinehow well a standard
keyword basedearnerperformson this task. This approach
ledto feature-ectorghatarelargeandsparseWe usedstem-
ming[11] andstopword removal to reducethesizeof thefea-
turevectorfor our documentollection.

This approachto documentrepresentatiomvorks well for
standardext classi cationwherethetargetof classi cationis
thetopic of the document.In the caseof genreclassi cation
however, the target concepts oftenindependenof the topic
of thedocumentsothis approactmaynot performaswell.

It is not obvious whethercertainkeywords would be in-
dicative of thegenreof thedocumentWe areinterestedn in-
vestigatinchow well this standardext classi cationapproach
worksonthegenreclassi cationtasks.We expectthataclas-
si er built usingthis feature-semay performwell in asingle
subjectdomain, but not very well when domaintransferis
evaluated By subjectdomainwe meanagroupof documents
that can be regardedas being aboutthe samegeneralsub-
ject or topic. For example,for the subjectvity classi cation
task,we have threesubjectdomains:football, politics and -
nance.For thereview classi cationtaskwe have two subject
domains:restauranteviews andmovie reviews. Thereason
we identify differentsubjectdomaindgs thatatext genreclass
may occuracrossnultiple subjectdomains.We wish to eval-
uatethe domaintransferof a genreclassi er. For example,
if aclassi eris trainedfor the subjectvity classi cationtask
usingdocumentdrom the football domain,how well doesit
performwhenthis classi er is transferredo the new domain
of politics?

4.2 Part-of-Speechstatistics

Thesecondpproactusegheoutputof Brill' s part-of-speech
(POS)tagger[3] asthe basisfor its features. It was antic-
ipatedthat the POS statisticswould re ect the style of the
languagesufciently for ourlearningalgorithmto distinguish
betweendifferentgenreclasses.A documents represented
asa vectorof 36 POSfeatures,one for eachPOStag, ex-
pressedisa percentagef the total numberof wordsfor the
document.

This approactusesa part-of-speechiepresentationf the
documentsatherthanthe actualwordsoccurringin thedoc-
ument.It washopedthatthis would give arepresentatiothat
wasstill capableof discriminatinggenrebut wasindependent

of the subjectof thedocument.The POSrepresentatiodoes
not re ect the topic of the documentput ratherthe type of
text usedin thedocument.

We hopethatPOSfeaturesanbeusedto differentiategen-
resin a domainindependentvay. If the POSfeature-seis
capableof differentiatinggenreclass,we would expectthat
it would do soin adomainindependenmannerasit doesnt
have ary informationaboutthetopic of thedocument.

4.3 Text Statistics

Ourthird approachs to usea seteasilyextractibletext statis-
tics (TS). Marny of thesefeatureshave beenshown to have
discriminatoryvaluebetweergenreclassesn the relatedlit-

erature.This featuresetincludesshallowv text statisticssuch
as averagesentencdength, the distribution of long words,
averageword length. Additional featuresare basedon the
frequeng of occurrencef variousfunctionwordsandpunc-
tuationsymbols. The were 152 featuresin all, the majority
beingthefrequeny of occurrencef variousfunctionwords.

5 Experiments

We have evaluatedhethreefeature-setsisingtwo real-world
genreclassi cationtasks.

5.1 Evaluation

We evaluateour classi ersusingtwo measuresaccuray of
the classi er in a single subjectdomainand accurag when
trainedon onesubjectdomainbut testedon another

Single Domain Accuracy

Singledomainaccurag measureshe accurag of the classi-
er whenit is trainedandtestedon instancegrom the same
subjectdomain.This measuréndicategheclassi er's ability
to learntheclassi cationtaskin the subjectdomainat hand.

Accurag is de ned as the percentageof the classi er's
predictionsthat are actually correctas measuredagainstthe
known classeof the testexamples. Accurag is measured
usingten-fold cross-alidation.

This is a standardtechniqueusedin Machine Learning
to evaluateclassi ers. However the normaluseof Machine
Learningtechniquesn text classi cationis to classifydocu-
mentsaccordingto topic or subject. Thusthe ability to iden-
tify topic speci c featuresis an advantagein mostapplica-
tions of text classi cation. Traditionalevaluationtechniques
give us no indication of how well our genreclassi er will
performon documentdrom other subjectdomains. We in-
troducea new evaluationmeasuregomaintransferwhichin-
dicatesheclassi er's performancen documentgrom other
subjectdomains.

Domain Transfer Accuracy

We measuredomaintransferin an attemptto measurethe

classi er'sability to generalize¢o new domains.For example,
agenreclassi er built usingdocumentsaboutfootball should
beableto recognizedocumentsboutpolitics from the same
genre.Domaintransfeiis essentiahsin ahighvolumedigital

library scenariojt may be prohibitively expensve to train a

separatgenreclassi er for every subjectdomain.



SubjectDomain | Opinion | Fact | Total
Football 174 177 | 351
Politics 144 145 | 289
Finance 56 100 | 156

Table2: Corpusdetailsfor the subjectvity classi cationex-
periment

We usethe domaintransfermeasureasanindicatorof the
classi er's generality It alsogivesus an indicationof how
muchthe genreclassi cationtaskin questionis topic depen-
dentor topicindependent.

Domaintransferis evaluatedby training the classi er on
onesubjectdomainandtestingit on anothersubjectdomain.

5.2 Experimental Setupand DocumentCorpora

Table2 shavsthedetailsof the corpususedfor the subjectv-
ity classi cationexperiment.We identi ed threesubjectdo-
mains,football, politicsand nance. For eachof thesetopics,
we identi ed a numberof web sitesthat specializein news
from the particularsubjectdomain. Articles were thenau-
tomatically spideredfrom thesesitesover period of several
weeks. The documentsvere thenclassi ed by handby the
authorasbeingeithersubjecte or objectie.

Table 3 shaws the detailsof our documentcollectionfor
the review experiment. The collection of review datasets
was somavhat easierthan the collection of the subjectvity
datasets.The reasonis thatthe classi cation of a document
couldbe extractedautomaticallyusinga wrapperfor the par
ticular site. For example,mostmovie reviews comewith a
recommendatiomark. A review thatawardsa Im 4 stars
could be considereda positive review, while a review that
awardsa Im 1 starcould be considereda negative review.
Thuswe automaticallyextractthe classi cationof a particu-
lar review, negatingthe needto manuallyclassifyeachdocu-
ment.

The Movie reviews weredownloadedrom the Movie Re-
view QueryEngin€. This siteis a searchenginefor movie
reviews. It extractsmovie reviews from awide rangeof sites.
If the review containsa mark for the Im, the markis also
extracted. We wrote a wrapperto extracta large numberof
movie reviews andtheir correspondingnarksfrom this site.
The marksfrom varioussiteswere normalizedby corvert-
ing themto a percentagendthenwe useddocumentswith
high percentagess examplesof positive reviews and vice
versa.Marksbelov 41 wereconsideredhegative while marks
of 100%wereconsideregositive.

The restauranteviews were gatheredrom the Zagatsur
vey site®. Thisis a sitethathostsa surwey of restaurantérom
the U.S.A. and Europe. Usersof the site submittheir com-
mentsabouta particularrestauranandassignmarksin three
catgyories(food, decorandservice).The marksfor thesecat-
egoriesarebetweenl and30 andarethe averagefor all the
usersthat have provided feedbackon that particularrestau-
rant. The reviews themseles consistof an amalgamation

Zhttp:/wwwmrge.com
*http:/iwww.zagat.com

SubjectDomain | Positve | Negative | Total
Movie 386 337 723
Restaurant 300 331 631

Table 3: Corpusdetailsfor the review classi cation experi-
ment

| [BOW [ POS| TS || MVE |

Football | 86.7 | 82.4| 86 88.6
Politics | 85.3 | 83.1| 80.3 || 90.8
Finance| 89.7 | 88.6 | 83.3 92

| Average | 87.2 | 84.7] 83.2]] 90.5 |

Table4: Singledomainaccurag for subjectvity classi ca-
tion

of differentuserscommentsaboutthe restaurant.We aver

agedthe marksfor thethreecategoriesto geta markfor each
restaurant. Restaurantshat got an averagemark belov 15
wereconsideredegative while thosegettingmarksabove 23
wereconsideregositive.

5.3 SingleDomain Experiments

Table4 shaws the singledomainexperimentsor the subjec-
tivity classi cationtask. The BOW feature-seperformsbest
in all threesubjectdomains. The POSfeature-sets second
beston average,althoughthe differencebetweenit andthe

TS feature-sets insigni cant. All threefeature-setachieve

goodaccuray on this classi cationtask,indicatingthatary

of thesefeature-setaloneis sufcient for building classi ers
within a single subjectdomain. However BOW is the best
performingfeature-sebn this task within subjectdomains.
Thisindicateghattherearekeywordswithin eachsubjectdo-

mainthatindicatethe subjectvity of adocument.

Table5 shavsthesingledomainresultsfor thereview clas-
si cation experiment. In both domains,the BOW approach
performssigni cantly betterthanthe POSapproach.On av-
erage the BOW approachachievesaccurag of 82.7%. This
is a goodlevel of accurag for this classi cationtask. The
POSapproactperformspoorly in comparison(61.3%n av-
erage).

The BOW approachis capableof achieving good levels
of performancevhenattemptingto classify reviews as pos-
itive or negative in a single subjectdomain. The POSap-
proachperformspoorly on this classi cationtask,evenin a
single subjectdomain. The TS approachperformswell in
therestaurantiomain(94.1)but poorly on the movie domain
(59). Thuswhile it' s averageperformances good,it doesnot
performconsistentlywell in eachdomain.

| [BOW [ POS| TS [ MVE |

Movie 76.8 | 59.6 | 59 74.1
Restaurant 88.5 | 62.9 | 94.1 | 834

[ Average | 82.7 | 61.3]| 76.6 || 78.8 |

Table5: Singledomainaccurag for review classi cation



| Test [ Train | BOW | POS| TS || MVE |
Football | Politics | 585 | 74 | 63.7] 72.3
Football | Finance| 61.5 | 78.8 | 75.6 || 80.8
Politics | Football | 76.9 | 70.7 | 64.1|| 76.6
Politics | Finance| 66.7 | 90.4 | 66.7 || 75.6
Finance| Football | 76.9 | 73.2| 70.7 || 81.5
Finance| Politics 63 83.7| 66.1|| 76.9

| Average | | 673 ]785]67.8] 77.3 |

Table6: Domaintransferfor subjectvity classi cation

[ Test | Train | BOW | POS| TS | MVE |
Movie | Rest | 40.1 | 44.4 | 504 || 45.3
Rest | Movie | 555 | 49.8 | 443 || 52.9

[Average | [ 47.8 | 47.1] 47.35] 491 |

Table7: Domaintransferfor review classi cation

5.4 Domain Transfer Experiments

Table 6 shavs domain transferresultsfor the subjectvity

classi cationtask. In this casePOSfeature-seperformsbest
(78.5),while the BOW feature-seperformsworst(63.7). So,
BOW goesfrom beingbestwhenevaluatedin a single sub-
ject domainto worstwhenevaluatedacrossmultiple subject
domains.

. This indicatesthat while keywordscanbe usedto iden-
tify subjectve documentsa modelbuilt usingthesefeatures
is morecloselytied to thedocumentollectionusedfor train-
ing. Intuitively we would expectthatthe classi er built us-
ing the POSstatisticsas featureswould have a more gener
alizablemodelof whatconstituteggenrethanonebuilt using
keywordsor domain-speci chand-craftedeatures.

Table 7 shows the domaintransferresultsfor the review
classi cation experiment. On average,eachfeature-seper
formsto asimilarlevel with therebeinglessthan1%between
them. Eachfeature-setichiesesaverageaccurag of around
47%. This level of performancés no betterthanthatachies-
ableby asimplemajority classi er.

The single domain experimenton this classi cation task
shavedthatBOW canachieve highlevelsof accurag onthis
classi cationtaskin a single subjectdomain. However the
domaintransferexperimentshaws that the BOW approach
fails whenthe transferapproachs evaluated.The BOW fea-
tureswhich indicatea positive movie review are not trans-
ferableto the restaurandomainand vice versa. The POS
approacHails in boththe singledomainanddomaintransfer
experiments.

We concludethatthe POSapproachs not suitablefor the
task of classifyingreviews asbeing either positive or nega-
tive. The BOW approachcanachieve good performancen
a single subjectdomainbut cannottransferto new subject
domains. Eventhoughthe traditionalmeansof evaluatinga
classi er indicatethatthe BOW achievesgoodperformance,
our experimentsndicatethatit performspoorly whenwe our
extradomaintransferconditionis evaluated.

5.5 Discussion

Ourexperimentshaw thatit is possibleto build genreclassi-

ers thatperformwell within a singlesubjectdomain.How-
ever, single domain performancecan be deceving. When
we further evaluatethe classi ersfor domaintransferperfor
mance,it becomeslearthat good domaintransferis more
dif cult to achieve.

Fromtheexperimentsabove, it is clearthatthereview clas-
si cation taskis moredif cult thanthe subjectvity classi -
cationtask.All feature-setschievedgoodsingledomainac-
curag on this task, while the POSfeature-setlsoachiered
gooddomaintransfer On the review classi cationtask,the
BOW approachachiezed good single domainaccurag, but
noneof thefeature-setaichieredgooddomaintransfer

From examinationof the datasetreviews from the movie
domainareeasilyrecognisabléy ahumarreadeiasbeingei-
therpositive or negative. It is moredif cult to discernthecat-
egory for mary of the restauranteviews. Recallthatthere-
viewswereclassi edautomaticallybasednscoresxtracted
from the sourcewebsite. Therestauranteviews consistedf
an amalgamatiorof usercommentsaboutparticularrestau-
rant. For mary of thesereviewsiit is dif cult for areaderto
decidewhetherthey are positive or negative. Becausethey
combinedifferentusercommentsthe style of the restaurant
reviewsis differentfrom the styleof themovie reviewswhich
arewritten by individual authors.This mayaccounfor some
poorperformancevhendomaintransfemwasevaluatedor the
review classi cationtask.

It is alsoclearthat no one feature-sets suitablefor both
genreclassi cation tasks. The BOW feature-setperforms
well in a single subjectdomain, while the POSfeature-set
performsbeston the subjectvity classi cationtaskwhenwe
evaluatedomaintransfer

5.6 Modelsgenerated

We canexaminethe modelsgeneratedy C4.5to seewhat
featuresthe classi er is usingto make its prediction. This
may give us someinsightinto the classi cationtaskin ques-
tion andgive us con dencein the modelbeinggeneratedIf
the model gives us rulesthat seemintuitively relatedto the
genreclassi cationtask,this givesuscon dencein thevalid-
ity of themodel. Themodelmayalsogive usinsightinto the
genreclassunderinvestigatiorandwhich featuredifferenti-
ategenrebut arenot obviousfrom inspectionof the data.
Theroot nodeof a C4.5decisiontreeis the attribute that
wasdeemednostinformative with respecto discriminating
betweerthetargetclassesFor the subjectvity classi cation
task,the BOW approachgeneratedoot nodesbasedon the
words 'columnist’, ‘column’ and'column’ for the football,
politics and nance domainsrespectiely. The presenceof
thesewordsis stronglyindicative of adocumenbeingsubjec-
tive. It is easyto seethatdocumentsontainingthesewords
arelikely to be subjectve in style asthey are probablywrit-
ten by a particularcolumnist,giving their opinion. For the
review classi cationtask,the BOW approactgeneratedoot
nodeshasednthewords'jolie’ and'romantic'for themovie
andrestaurantdomainsrespectiely. Theword 'jolie’ occur
ring in a movie review meansit is likely to negative, while



theword'romantic' occurringin arestauranteview meanst
is likely to be positive.

This correspondghe fact that the movie 'Tomb Raider'
starring Angelina Jolie was releasedaroundthe time the
datasetwas collected. One canimaginethat this is not the
kind of movie that would appealto Im critics and would
be likely to garnernegative reviews. It alsoseemsunlikely
thatthis attribute would have ary discriminatoryvaluein the
restauranteview domain.

It alsoseemgeasonablé¢hat the word 'romantic' usedin
relationto arestaurants likely to indicatea positive review.
Howeverthisattributemayin factpenalizeheclassi erwhen
transferredo the movie domainasit seemdikely thatmovie
reviews containingtheword 'romantic' aremorelikely to be
negative ratherthanpositive.

For the subjectvity classi cationtask,the POSapproach
generatesreeswith root nodesDT, RB andRB for the foot-
ball, politics and nance domainsrespectiely. DT refersto
the distribution of determinerq e.g. as, all, ary, each,the,
thesethose).RB refersto adverbs(e.g. maddeninglyswiftly,
prominently predominately). Subjectve documentgendto
have relatively moredeterminerandadwerbs.Onthereview
classi cationtask,the POSapproacHailedto accuratelydis-
criminatebetweerpositive andnegative reviews.

The TS approacltgeneratesreeswith root nodesbasecbn
the numberof wordsin the documentfor the football and
politics domainsand the distribution of the word ‘can’ for
the nance domain. Shorterdocumentsare more likely to
be objective. It seemdikely that objectve documentswill
oftenbe muchshorterthansubjectve documentasthey just
reportsomeitem of news, withoutany discussiorof theevent
involved. It is notclearhow thedistribution of theword'can’
is indicative of the subjectvity of adocumentOnthereview
classi cationtask,the TS approachdid not performwell in
the movie domain(59), but performedsurprisinglywell on
therestaurantiomain(94.1). In this casetheroot nodeof the
generatedreeis the numberof long wordsin the document.
Reviews containinga small numberof long wordsare more
likely to benegative.

6 Combining multiple views

We have investigatedhe use of threedifferentfeature-sets
for the task of genreclassi cation and attemptedto deter
mine which featuresare betterfor building generaltransfer
ableclassi ers. Our experimentshave showvn thatthe utility
of eachfeature-setlependson the genreclassi cation task
at hand. We seekto automateas much as possiblethe pro-
cessof building a genreclassi er. None of the feature-sets
areobviously generallysuperiorto the othersandit is unde-
sirableto have to determinghebestfeature-setor every new
genreclassi cationtask. To further automatethe construc-
tion of genreclassi ers,we investigatenethodsof improving
performancédsy combiningfeature-sets.

6.1 An ensembldearner

We cantreatthethreedifferentfeature-setasdifferentinde-
pendentiiews of thedata.We canbuild ameta-classi etthat
combinesevidencefrom classi ersbuilt usingeachfeature-
setto maleit's prediction.

Thereareseveralmethodof combiningclassi ersto make
predictions Baggingcombineghepredictionof severalsep-
aratemodels.The modelsarebuilt usingdifferentsubsetof
thetrainingdataandeachmodelvotesonthe nal prediction.
Boostingis similar to baggingexceptthat the votesof each
model are weightedaccordingto someschemesuchasthe
modelssucces®nthetrainingdata.

While baggingandboostingcombinemodelsof the same
type, stackingcombinesmodelsbuilt usingdifferentlearning
models.

Our approachdiffers from thesein that we will combine
modelsbasedon our differentfeature-setsThis multi-view
ensembldearningapproachouilds a modelbasedon eachof
the threefeature-setsA majority voteis taken to classifya
new instance.

The resultsachiezed by the ensembldearnerare encour
aging. For the subjectvity classi cationtaskthe results( ta-
ble 4) achiered by this approaciMVE) arebetterthatthose
achieved by ary of the individual feature-sets.The domain
transfer(table6) is almostasgoodasthatachiezedby POS,
andsigni cantly betterthatthatachieszedby theotherfeature-
sets.

For the review classi cation task (table 5) this approach
performsbetterthan POSand TS, but not a good as BOW.
In thedomaintransfercase(table 7), this approactperforms
beston average.

This approachto classi cation exploits the fact that the
threedifferentfeature-setslo not make mistalesonthesame
documents.So a mistale madeby the modelbasedon one
feature-setanbe correctedoy the modelsbasen theother
feature-sets. This works bestin situationswhere all three
feature-setachieve goodperformancesuchasthe subjectv-
ity classi cationtask. Wheneachfeature-seperformswell,
they aremorelikely to correcteachothersmistales.

In caseswhere someof the feature-setgperform poorly
(suchas the review classi cation task), this approachwill
achieve performancehatis proportionalto the relative per
formanceof theindividual feature-sets.

It seemdikely thatfor genreclassi cationtaskswhereit
is not clear which feature-seis most suitablefor the task,
thisapproactwill increasehelik elihoodof theclassi er per
forming well.

6.2 Multi-view selectve sampling

Figure 2 shavs the rst 100 points of the learning curves
for thesubjectvity classi cationtaskaveragedverthethree
subjectdomains. The vertical axis shawvs the averageaccu-
ragy takenovertentrials. Thehorizontalaxisshavsthenum-
berof trainingdocuments.

The naive way of choosingdocumentgo addto thetrain-
ing setis to choosea documentat random. This approach
is shovn for each of the three feature-set§BOW_rand,
POS_randindTS_rand).The POSlearningrateis betteron
thistaskthanthelearningratefor the othertwo feature-sets.

We seekto improve the learningrate of the genreclassi-

ers. Onemethodof improving the learningrateis to use
active learningto selectvely sampledocumentgo addto the
trainingset. Theaimis to selecttrainingdocumentghatwill



Figure2: Multi-view selectve samplingonthe subjectvity classi cationtask

mostimprove the learnedmodel, thus achiezing maximum
performancdor minimal training data.

The approachwe investigateto improve the learningrate
useghelevel of agreemenbetweerthelearnedmodelsbased
ondifferentfeature-setsThe rst documento belabelledis
selectedat random. The next documentto be labelledis the
onewherethemodelshasednthethreedifferentfeature-sets
disagreanostabouttheclassi cation. Thisis asimpli cation
of the co-trainingalgorithm[2].

Applying this approachto our subjectvity classi cation
task gives an improvementin learning rate for all three
feature-set$BOW _al, POS_al,TS_al). For eachfeature-set,
thereis little differencebetweertherandomandactive learn-
ing approachesitially. However asthe classi cationaccu-
ragy improves,theactive learningapproactbeginsto exhibit
a betterlearningrate that the randomapproach. This indi-
catesthat the active learningapproachconsistentlychooses
documentshatimprove the performancef theclassi er.

7 Conclusions

In theory genreandtopic areorthogonal. However, our ex-
perimentsindicatethatin practicethey partially overlap. It
may be possibleto automaticallyidentify genrein a topic
independentvay, but the resultsof our domaintransferex-
perimentsshowv that the feature-setsve investigateresultin
modelsthatarepartially topic dependent.

From a single domain point of view, our approachwas
very successfullf we usedonly the usualmethodsof eval-

uation,we would concludethat genreclassi cationis not a
dif cult taskandcaneasilybe achieved using standardma-
chinelearningtechniques.On the subjectvity classi cation
task,all ourfeature-setachievedhigh accurag, while onthe
review classi cationtaska standarcbag-of-wordsapproach
achievedgoodaccurag.

We have arguedthatstandardnethodsf evaluationarenot
sufcient whenevaluatinggenreclassi ersandthatin addi-
tion the genreclassi er's ability to transferto new topic do-
mainsmustalsobe evaluated. Whenwe evaluatethis addi-
tionalaspecbf thegenreclassi ers,we nd thatit is dif cult
to build classi ersthattransfemwell to nev domains.

For the subjectvity classi cationtaskwe have shavn that
it is possibleto build agenreclassi er thatcanautomatically
recognizea documentsbeingeithersubjectve or objectie.
High accurag in asinglesubjectdomaincanbeachie/edus-
ing ary of the threefeature-setsve investigatedBOW, POS
or TS) butwhendomaintransferis measuredor thistask,the
POSfeature-seperformsbest. Overall, the POSfeature-set
is bestfor this genreclassi cationtask asit performswell
bothin a singlesubjectdomainandwhentransferredo new
subjectdomains.

Thereview classi cationtaskis moredif cult. Goodaccu-
ragy canbeachievedin a singletopic domainusingtheBOW
approach. The POSapproachs not suitablefor this genre
classi cationtask. All threefeature-set$ail to achieze good
domaintransferon this task.

We alsoinvestigatednethodsof combiningthe predictions
of modelsbasedon the differentfeature-setand show that



this improves performance. This approachis perhapsbest
whenapproaching new genreclassi cationproblem,where
it is not clearwhich feature-seis mostsuitablefor thetask.

We alsoshaw thatthelearningrate of the genreclassi er
canbeimprovedby actively selectingvhichdocumento add
to the training set. This selectionis basedon the level of
disagreementf modelsbuilt usingeachfeature-set.

Thesetwo approacheturtherfacilitatetheaim of automat-
ing asmuchaspossiblethe procesof building genreclassi-
ers. All threefeature-setgan be extractedautomatically
The ensembldearningapproactcangive goodperformance
on the genreclassi cation task and the active learning ap-
proachcanimprove performanceon small amountsof train-
ing data.

7.1 Futurework

We identi ed two samplegenreclassi cation tasks. These
particulargenreclassesould be usefully appliedto improve
existing systems. Applicationsthat utilize genreclassi ca-
tion to provide noticeablebene ts to the end usermustbe
developedto illustratethat genreclassi cationcanbe a use-
ful, practicaltechniqueghatcanbeusedio improvetheresults
of documentetrieval systems.

In building suchsystemst will be usefulto identify addi-
tional genresthat canimprove a usersability to Iter doc-
umentsand reducethe numberof documentsthat are po-
tentially relevantto them. An expandedgenretaxonomyis
neededtogetherwith appropriatetechniquesfor automati-
cally identifying genres. We found that the techniqueghat
weresuccessfubn onegenreclassi cationtask(subjectvity
classi cation),werelesssuccessfubn anothemenreclassi -
cationtask(review classi cation).

The ability to achieve good domaintransferis important
for genreclassi ers. Thetechniquesve useddid not provide
a completeseparatiorof genreandtopic. Furtherinvestiga-
tion is neededo determinemethodsof identifying genrein
atopicindependentvay. We alsoneedto re ne methodsof
evaluatingdomaintransferand determinehow to meaning-
fully comparehe performancef differentgenreclassi ers.

Ideally oncea generalgenretaxonomyis de ned we need
techniquesfor automaticallyconstructinggenre classi ers
within this taxonomy Onewould hopethat thereare gen-
eral techniqueghat could be usedto build all classi ersfor
all genreswithin a taxonomyandthatthesegenreclassi ers
will transfereasily to new subjectdomains. However, our
experiencehasshawn that this is dif cult and methodsfor
achiesing theseaimsneedfurtherinvestigation.

Otherfeature-setzould be generallyuseful for building
genreclassi ers. Theadditionof furtherfeature-setmayalso
improve the performanceof the ensembldearnerandactive
learningapproaches.

In generalfuture work consistsof extendingthe work we
have doneontwo genreclassi cationtasksto ageneralgenre
taxonomy Classi ershuilt to identify genreclassi erswithin
this genretaxonomyshouldbe easyto build anddomainin-
dependent.The other major areafor future work is to im-
plementapplicationghatusegenreclassi cationto improve
userexperience.
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