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Abstract

Genreor styleanalysiscanbeusedto improve re-
sults achieved using standardIR techniques. A
genreclassis agroupof documentsthatarewritten
in a similar style. Genreclassi�cationcanidentify
documentsthatarewritten in a stylemostlikely to
satisfyauser's informationneed.
We considerthe use of Machine Learning tech-
niquesappliedto thetaskof automaticgenreclas-
si�cation. We investigatetwo samplegenreclassi-
�cation tasks:whethera news article is subjective
or objective; and whethera review is positive or
negative. We investigatethe useof threedifferent
feature-setsfor building genreclassi�ers.
Wearguethattraditionalmethodsof evaluatingtext
classi�ersare insuf�cient for genreclassi�ersand
emphasizedomaintransferfor the generatedclas-
si�ers. Domain transferindicatesthe ability of a
genreclassi�er to classifydocumentsthatareabout
topicsotherthanthoseit wastrainedon.
For bothsamplegenreclassi�cationtasks,webuild
classi�ers that perform well within a single topic
domain. We alsoinvestigateandevaluatethe per-
formanceof theseclassi�ers when transferredto
new subjectdomains.
Wedescribeamethodof combiningevidencebased
on differentfeature-sets.We show that an ensem-
ble learnerbasedondifferentfeature-setsimproves
performancefor genreclassi�cation. We further
combinepredictionsfrom different feature-setsto
selectively samplewhich documentsto addto the
training setandshow that this approachimproves
thelearningrateof theresultinggenreclassi�er.

1 Intr oduction
Thereis a vastamountof informationavailableto thecasual
usertodaymainly dueto theproliferationof theworld wide
web(WWW). However, it hasbecomedif�cult to �nd thein-
formation that is mostappropriateto a given query. While
userscanusually�nd relevantinformation,it is increasingly
dif�cult to isolateinformationthatis suitablein termsof style

or genre.Currentsearchservicestake a “one size�ts all ap-
proach”, taking little accountof the individual usersneeds
andpreferences.Thesetechniquessucceedin identifyingrel-
evant documents,but the large numberof documentsrele-
vant to a given query can make it dif�cult to isolatethose
documentsthataremostrelevant to that query. It is easyto
achieve high recall,but high precisionin additionto high re-
call is muchmore challenging. The hugevolume of infor-
mationavailablemeansthatnew techniquesareneeded�lter
therelevantdocumentsandidentify theinformationthatbest
satis�esausersinformationneed.

We have identi�ed automaticgenreanalysisas an addi-
tional tool that cancomplementexisting techniquesandim-
prove theresultsreturnedto a user. Genreinformationcould
beusedto �lter or re-rankdocumentsdeemedrelevant. The
relevanceof a particulardocumentto a givenqueryis depen-
denton theparticularuserissuingthequery. We believe that
thegenreor styleof text in a documentcanprovidevaluable
additional information when determiningwhich documents
aremostrelevantto aparticularuser'squery.

By genrewelooselymeanthestyleof text in thedocument.
A genreclassis aclassof documentsthatareof asimilartype.
This classi�cationis basednot on thetopic of thedocument,
but ratheron thekind of text used.

Theability to identify thestyleof text usedin a document
would bea valuableservicein any text retrieval system.For
example,considera queryabout“chaostheory”. Different
userswill requiredocumentswhich assumedifferent levels
of expertise,dependingon theuserstechnicalbackground.It
would be useful to be able to rank documentsaccordingto
thelevel of technicaldetailwith whichthey presenttheirsub-
ject. Currentinformationretrieval systemswould begreatly
enhancedby theability to �lter documentsaccordingto their
genreclass. A high schoolstudentmay requiredocuments
thatareintroductoryor tutorial in style,while a collegepro-
fessormayrequirescholarlyresearchdocuments.

As anotherexample,considernews �ltering. This is gen-
erally doneaccordingto the topic of the news article. This
servicewouldbeimprovedby theability to �lter thenewsar-
ticlesaccordingto differentgenreclasses.For example,con-
sidera �nancial analystwho tracksdaily news aboutcompa-
niesin whichsheis interested.It wouldbeusefulto beableto
furtherclassthesedocumentsasbeingsubjectiveorobjective.
Oneclassof documentswould presentthe latestnews about



thevariouscompaniesof interest,while theotherclasswould
containtheopinionsof variouscolumnistsandanalystsabout
thesecompanies.Dependingoncircumstances,theusermay
requiredocumentsof oneclassor theother.

Anothergenreclasswith usefulapplicationis the ability
to identify whethera documentis describingsomethingin a
positive or negative way. This could be usedto improve a
recommendersystem.Documentscouldberecommendedon
thebasisthatthey weregivenapositivereview by a reviewer
with similar intereststo thetargetuser.

Anotherapplicationof review classi�cation is �ltering of
newswire articlesfor �nancial analysis. Financialanalysts
mustquickly digestlargeamountsof informationwhenmak-
ing investmentdecisions.A delayof a few secondsin iden-
tifying importantinformationcanresult in signi�cant gains
or losses.Theability to automaticallyidentify whethernews
abouta company is positive or negative would bea valuable
servicein sucha situation[10].

The ability to �lter documentsaccordingto the level of
technical information presentedand the readability of the
documentwould enablea systemto personalizedocuments
retrieved accordingto the user's educationalbackground.
With asuitablesetof genreclasses,a systemwith a dualcat-
egory structure,thatallowedusersto browsedocumentsac-
cordingto bothtopicandgenrewouldbeuseful.Genreanal-
ysis canfacilitateimprovedpersonalizationby recommend-
ing documentsthat arewritten in a style that the user�nds
interestingor a style that is appropriateto the usersneeds.
We considergenreto becomplimentaryto topic asa method
of recommendation.The two usedin conjunctionwith each
othercanimprovethequalityof auser's 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?
The term “genre” occursfrequentlyin popularculture. Mu-
sic is divided into genresbasedon differencesin style, e.g.
blues,rock or jazz. Samplegenresfrom popular�ction in-
cludescience�ction, mysteryanddrama. Genresareoften
vagueconceptswith noclearboundariesandneednotbedis-
joint. For agivensubjectareathereareis no�x edsetof genre
categories.Identifying a genretaxonomyis a subjective pro-
cessandpeoplemaydisagreeaboutwhatconstitutesagenre,
or thecriteriafor membershipof aparticulargenre.

TheAmericanheritagedictionaryof theEnglishlanguage
de�nes genreas “A category of artistic composition,as in
music or literature, marked by a distinctive style, form or
content”. Webster's revisedunabridgeddictionaryde�nes a
genreas“class; form; styleesp. in literature”. Wordnetde-
�nes genreas“1: a kind of literary or artisticwork 2: a style
of expressingyourselfin writing 3: aclassof artisticendeav-
ourhaving acharacteristicform or technique”.

Fromthedifferentde�nitions weseethatthereis node�ni-
tiveagreementonwhatis meantby genre.However, thecom-
mon threadamongthesede�nitions is that genrerelatesto

style. Thegenreof a documentre�ects a certainstylerather
thanbeingrelatedto thecontent. In generalthis is whatwe
meanwhenwe refer to the genreof a document:the genre
describessomethingaboutwhatkind of documentit is rather
thanwhatthedocumentis about.

Genreis orthogonalto topic. Documentsthat are about
thesametopic canbe from differentgenres.Similarly, doc-
umentsfrom the samegenrecan be aboutdifferent topics.
Thus we must separatethe identi�cation of the topic and
genreof a documentandtry to build classi�ersthataretopic
independent.This contrastswith the aim of othertext clas-
si�cation tasks,thusthestandardmethodsof evaluatingtext
classi�ers arenot completelyappropriate.Whenwe evalu-
ateour genreclassi�ers,we measurehow well they perform
acrossmultiple subjectdomains.In orderfor genreclassi�-
cation techniquesto be generallyuseful, it mustbe easyto
build genreclassi�ers. Thereare two aspectsto this. The
�rst is that of domaintransfer: classi�ers shouldbe gener-
ally applicableacrossmultiple topics. The secondis thatof
learningwith smallamountsof trainingdata.Whenbuilding
genreclassi�ers,we want to achieve goodperformancewith
a smallnumberof examplesof thegenreclass.

To summarize,we view a genreasa classof documents
that arisesnaturally from study of the languagestyle and
text usedin the documentcollection. Genreis an abstrac-
tion basedon a naturalgroupingof documentswritten in a
similar styleandis orthogonalto topic. It refersto thestyle
of text usedin the document.A genreclassis a setof doc-
umentswritten in a similar style which servessomeuseful
discriminatoryfunctionfor usersof thedocumentcollection.

Wefocusedontwo samplegenreswhichweusefor ourau-
tomaticgenreclassi�cationexperiments.The�rst is whether
a news article is subjective i.e. it presentstheopinionof it' s
author, or objective. Thesecondis whethera review is posi-
tiveor negative.

2.2 SampleGenre Classes
The �rst genreclasswe investigateis whethera document
is subjective or objective. This is a commondistinction in
newspaperarticlesandothermedia. Many news articlesre-
port somesigni�cant event objectively. Otherarticlesoffer
theauthor'sopinion.Theseoftentaketheform of columnsor
editorials.

Considerthe exampleof �nancial news. Financialnews
sitespublishmany 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-
ticularcompany. Articlesof genreclassopinionmaygivethe
opinionsof various�nancial analystsasto theimplicationsof
theeventsof theday for futurestockprices. Differentusers
at differenttimesmay be betterserved by articlesfrom one
genreor the other. It would be a usefulservicefor the user
to be ableto �lter or retrieve documentsfrom eachof these
genreclasses.

Our secondsamplegenreclassis classifyingreviews as
being either positive or negative. The ability to automati-
cally recognizethe toneof a review could have application
in thecollaborative recommendationsystems.For example,
if aparticularmovie critic whogenerallyhassimilar tastesto



Objective In a move that sent Enron shareshigher
after daysof double-digitdeclines,Dyn-
egy con�rmed Tuesdaythatit is in talksto
renegotiateits $9 billion dealto buy its ri-
val.

Subjective The collapseof Enron is hard to believe,
andevenharderto understand.But in ret-
rospect,therearesomevaluablelessonsin
thewholemess.

Positive CameronCrow's �rst �lm since “Jerry
Maguire” is soengaging,entertainingand
authentic that it' s destinedto becomea
rock-eraclassic.

Negative Vanilla Sky is a misbegottenventurethat
transformsa �a wedbut intriguing original
into anelephantine,pretentiousmess.

Table1: Documentextractsfrom eachgenreclass

Figure1: Genreclassi�cationfor domaintransfer

a usergivesa �lm a positive review, thenthat �lm could be
recommendedto the user. Films could be recommendedon
thebasisof how they arereviewedby critics thatareknown
to havesimilar tastesto a particularuser.

Table 1 show a selectionof documentextractsfrom our
documentcollection. A humanreadercanrecognizea sub-
tle differencein style betweenextractsfrom subjective and
objectivearticlesandsimilarly betweenthepositiveandneg-
ative reviews. We investigatetechniquesfor automatingthis
classi�cation.

Our aim in constructingthe classi�er is to maximizeac-
curacy bothwithin a singledomainandacrossdomains.To
thisendweusedatasetsfrom threesubjectdomains:football,
politics and �nance1, for the subjectivity classi�cation task
anddocumentsfrom two subjectdomains:movie reviewsand
restaurantreviews for the review classi�cation task. We are
interestedin how well a classi�er trainedondocumentsfrom
one domainperformsin another. We identify the different
subjectdomainsin orderto determinehow well theclassi�er

1Our documentcorpusis availableto theresearchcommunityat
http://www.smi.ucd.ie/hyppia

performsacrossmultiple subjectdomainsfor thesamegenre
classi�cation task. Becausegenreis orthogonalto topic we
wish to build classi�ersthatperformwell in subjectdomains
otherthantheoneusedto build the classi�er. For example,
a classi�er built to recognizewhethera documentis subjec-
tive or objective by training it on documentsaboutfootball
shouldideallybeableto recognizesubjectivedocumentsthat
areabouttopicsotherthanfootball suchas�nance or politics
(Figure1).

The practicaleffort involved in building a genreclassi�er
is considerable.A humanmustlabela numberof examples
to train the classi�er. It is essentialto 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 be re-
trainedevery time it is to be usedin a new subjectdomain,
the amountof work requiredto maintainit will be consid-
erableand in high volumedigital library scenariocould be
prohibitive.

2.3 Relatedwork

In our work we have identi�ed two samplegenresfor use
in our experiments.Thesegenresaresubjective or objective
news articlesandpositive or negative reviews. Wiebe [17]
de�nessubjectivity classi�cationasdistinguishingsentences
usedto presentopinionsandevaluationsfrom sentencesused
to objectively presentfactualinformation. Sheinvestigates
subjectivity classi�cationat thesentencelevel andconcludes
that the presenceandtype of adjectivesin a sentenceis in-
dicative of whetherthe sentenceis subjective or objective.
Weseekto performsubjectivity classi�cationatthedocument
level.

Tong[16] describesa systemthatfocuseson trackingvar-
ious entitiesand the opinionsbeing expressedaboutthem.
The opinionsare tracked by monitoring online public dis-
cussionforums.In particular, they monitoronlinediscussion
aboutmoviesanddeterminethelevel of buzzassociatedwith
speci�c moviesasthey move from announcementof release,
throughopeningweekend and on to extendeddistribution.
Opinionsare extractedusing sentimentmodels. Theseare
patternsthat capturethe way peopletalk aboutmovies and
usea set of customlexicons that cover personalemotions,
movie featuresand languagetone. Theseare also usedto
modelthetoneof theopinion. It appearsthatthey useheuris-
ticsto identify positiveandnegativeopinionsbeingexpressed
aboutparticularmovies. We seekto automatetheclassi�ca-
tion of reviewsaspositiveor negative.

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

Their feature-setis themostfrequentlyoccurringwordsof
theentirewritten languageandthey show that thefrequency
of occurrenceof the most frequentpunctuationmarkscon-
tains very useful stylistic information that can enhancethe
performanceof anautomatictext genreclassi�er.



Thisapproachis domainandlanguageindependentandre-
quiresminimalcomputation.They donotperformany exper-
imentsto measuretheperformanceof their classi�er whenit
is transferredto new subjectdomains.

Thiswork is closelyrelatedto ours.They identify theneed
for domaintransferbut do not develop this ideaany further.
Their de�nition of text genreis similar to ours and two of
thegenreclassesthey identify aresimilar to our subjectivity
classi�cationtask. The featuresthey usearestop-wordsand
punctuationsimilar to our text statisticsfeature-set.

Kessleret al. [8] arguethatgenredetectionbasedon sur-
facecuesis assuccessfulasdetectionbasedon deeperstruc-
tural properties. Argamonet al. [1] considertwo typesof
features:lexical andpseudosyntactic.They comparetheper-
formanceof functionwordsagainstPOStrigramsfor distin-
guishingbetweendifferentsetsof newsarticles.

Roussinov et al. [14] view genreasa groupof documents
with similar form, topic or purpose,“a distinctive type of
communicativeaction,characterizedby asociallyrecognized
communicativepurposeandcommonaspectsof form”. This
is a moregeneralview of genrewheregenreis a groupingof
similar documents.Somegenresarede�ned in termsof pur-
poseor function,othersin termsof physicalform while most
documentscombinethetwo.

They attemptto identify genresthat web usersfrequently
faceandproposea collectionof genresthatarebettersuited
for certaintypesof informationneed.To this end,they per-
formeda usersurvey to see1) what is thepurposefor which
userssearchtheweb,and2) whethertherewasa relationbe-
tweenthe purposeof a respondentssearchandthe genreof
documentretrieved. This resultsin a proposedsetof genres,
alongwith asetof featuresfor eachgenreandauserinterface
for genrebasedsearching.

Dewdnew et al. [4] take theview thatgenreof a document
is theformatstyle.Genreis de�nedasa“label whichdenotes
a setof conventionsin theway in which informationis pre-
sented”.Theconventionscoverbothformattingandthestyle
of languageused.They usetwo feature-sets:a setbasedon
words(traditionalBOW) andasetbasedontheway in which
the text is presented.The presentationfeaturesdo consis-
tentlybetterthantheword frequency featuresandcombining
the feature-setsgivesa slight improvement. They conclude
thatlinguisticandformatfeaturesalonecanbeusedsuccess-
fully for sortingdocumentsinto differentgenres.

RauberandMuller-Koller [13]arguethatin a traditionalli-
brary, noncontent-basedinformationsuchasageof a docu-
mentandwhetherit looksfrequentlyusedareimportantdis-
tinguishingfeaturesandpresenta methodof automaticanal-
ysis basedon varioussurfacelevel featuresof the text. The
approachusesaself-organizingmap(SOM) [9] to clusterthe
documentsaccordingto structuraland stylistic similarities.
This informationis thenusedto graphicallyrepresentdocu-
mentsaccordingto structuralandstylisticsimilarities.In this
approachthegenresareidenti�ed from clustersof documents
thatoccurin theSOM ratherthanbeingde�ned in advance.

Karlgren [5; 6; 7] hasdoneseveral experimentsin genre
classi�cation. In [5] heshows thatthetexts thatwerejudged
relevant to a set of TREC queriesdiffer systematically(in
termsof style)from thetexts thatwerenot relevant.

In [6], Karlgrenet al. usetopical clusteringin conjunc-
tion with stylisticsbasedgenrepredictionto build an inter-
active information retrieval engineand to facilitate multi-
dimensionalpresentationof searchresults. They built a
genrepaletteby interviewing users,identifyingseveralgenre
classesthatareusefulfor web�ltering.

Thesystemwasevaluatedby usersgivenparticularsearch
tasks. The subjectsdid not do well on the searchtasks,but
all but onereportedthatthey likedthegenreenhancedsearch
interface.Subjectsusedthegenresin thesearchinterfaceto
�lter thesearchresults.Thesearchinterfacedescribedis an
exampleof how genreclassi�cationcanusefullyaid informa-
tion retrieval.

3 Approach
Our approachis to useMachineLearningtechniquesfor au-
tomaticgenreanalysis. We attemptto identify the features
which will leadto classi�ersthatperformwell acrossmulti-
plesubjectdomainsandcaneasilybebuilt automatically. We
investigatetheperformanceof our classi�ersacrossmultiple
subjectdomains.We usetwo samplegenretasksto testthe
utility of threesetsof featuresfor the purposeof automatic
genreclassi�cation. We useC4.5 [12] asour main learning
algorithm.

We emphasizethe ability to transferto new subjectdo-
mainswhenbuilding ourclassi�ersandweevaluatedifferent
feature-setsfor performanceacrossmultiplesubjectdomains.

In addition to building classi�ers that will transfereasily
to new domains,we wish to minimize theeffort involved in
building a genreclassi�er. We wish to beableachieve good
performancewith a minimum amountof labelleddata. To
this endwe examinethe learningratesof our classi�ersand
investigatemethodsof improving this learningrateusingac-
tive learningtechniques.

The three feature-setsinvestigatedcan be thought of as
threeindependentviewsof thedataset.We investigatemeth-
odsof combiningthe modelsbuilt usingeachfeature-setto
improveclassi�er performance.

Ourcontributionswill be:
� To investigatethe feasibility of genre classi�cation us-

ing machine learning. We wish to investigatewhether
machinelearningcansuccessfullybeappliedto thetask
of genreclassi�cation. We usetwo samplegenreclas-
si�cation tasksto investigatetheissuesarisingfrom the
taskof genreclassi�cation.

� To investigatehow well differentfeature-setsperformon
thetaskof genreclassi�cation.Usingtwo samplegenre
classi�cationtasks,weperformexperimentsusingthree
differentfeature-setsandinvestigatewhich featuressat-
isfy thecriteriafor building goodgenreclassi�ers.

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



� To investigatehow we can apply active learningtech-
niquesto build classi�ers that performwell with small
amountsof trainingdata.

� To investigatemethodsof combiningmultiple feature-
setsto improveclassi�er performance.

4 Feature-sets
We haveexploredthreedifferentwaysto encodea document
asa vectorof features.

4.1 Bag-of-words
The �rst approachrepresentedeachdocumentas a bag-of-
words(BOW), a standardapproachin text classi�cation. A
documentis encodedasa feature-vector, with eachelement
in thevectorindicatingthepresenceor absenceof a word in
the document. We wish to determinehow well a standard
keyword basedlearnerperformson this task. This approach
ledto feature-vectorsthatarelargeandsparse.Weusedstem-
ming[11] andstopwordremoval to reducethesizeof thefea-
turevectorfor our documentcollection.

This approachto documentrepresentationworks well for
standardtext classi�cationwherethetargetof classi�cationis
thetopic of thedocument.In thecaseof genreclassi�cation
however, thetargetconceptis often independentof thetopic
of thedocument,sothisapproachmaynotperformaswell.

It is not obvious whethercertainkeywordswould be in-
dicativeof thegenreof thedocument.Weareinterestedin in-
vestigatinghow well thisstandardtext classi�cationapproach
worksonthegenreclassi�cationtasks.Weexpectthataclas-
si�er built usingthis feature-setmayperformwell in a single
subjectdomain,but not very well when domaintransferis
evaluated.By subjectdomainwemeanagroupof documents
that can be regardedas being aboutthe samegeneralsub-
ject or topic. For example,for thesubjectivity classi�cation
task,we have threesubjectdomains:football,politics and�-
nance.For thereview classi�cationtaskwe have two subject
domains:restaurantreviews andmovie reviews. Thereason
weidentify differentsubjectdomainsis thatatext genreclass
mayoccuracrossmultiplesubjectdomains.Wewish to eval-
uatethe domaintransferof a genreclassi�er. For example,
if a classi�er is trainedfor thesubjectivity classi�cationtask
usingdocumentsfrom thefootball domain,how well doesit
performwhenthis classi�er is transferredto thenew domain
of politics?

4.2 Part-of-Speechstatistics
Thesecondapproachusestheoutputof Brill' spart-of-speech
(POS)tagger[3] as the basisfor its features. It wasantic-
ipatedthat the POSstatisticswould re�ect the style of the
languagesuf�ciently for our learningalgorithmto distinguish
betweendifferentgenreclasses.A documentis represented
as a vectorof 36 POSfeatures,one for eachPOStag, ex-
pressedasa percentageof the total numberof wordsfor the
document.

This approachusesa part-of-speechrepresentationof the
documentsratherthantheactualwordsoccurringin thedoc-
ument.It washopedthatthiswouldgivearepresentationthat
wasstill capableof discriminatinggenrebut wasindependent

of thesubjectof thedocument.ThePOSrepresentationdoes
not re�ect the topic of the document,but ratherthe type of
text usedin thedocument.

WehopethatPOSfeaturescanbeusedto differentiategen-
res in a domainindependentway. If the POSfeature-setis
capableof differentiatinggenreclass,we would expectthat
it would do soin a domainindependentmannerasit doesn't
haveany informationaboutthetopicof thedocument.

4.3 Text Statistics
Ourthird approachis to useaseteasilyextractibletext statis-
tics (TS). Many of thesefeatureshave beenshown to have
discriminatoryvaluebetweengenreclassesin therelatedlit-
erature.This featuresetincludesshallow text statisticssuch
as averagesentencelength, the distribution of long words,
averageword length. Additional featuresare basedon the
frequency of occurrenceof variousfunctionwordsandpunc-
tuationsymbols. The were152 featuresin all, the majority
beingthefrequency of occurrenceof variousfunctionwords.

5 Experiments
Wehaveevaluatedthethreefeature-setsusingtwo real-world
genreclassi�cationtasks.

5.1 Evaluation
We evaluateour classi�ersusingtwo measures:accuracy of
the classi�er in a singlesubjectdomainandaccuracy when
trainedononesubjectdomainbut testedonanother.

SingleDomain Accuracy
Singledomainaccuracy measurestheaccuracy of theclassi-
�er whenit is trainedandtestedon instancesfrom thesame
subjectdomain.Thismeasureindicatestheclassi�er'sability
to learntheclassi�cationtaskin thesubjectdomainat hand.

Accuracy is de�ned as the percentageof the classi�er's
predictionsthat areactuallycorrectasmeasuredagainstthe
known classesof the testexamples. Accuracy is measured
usingten-foldcross-validation.

This is a standardtechniqueusedin Machine Learning
to evaluateclassi�ers. However the normaluseof Machine
Learningtechniquesin text classi�cationis to classifydocu-
mentsaccordingto topic or subject.Thustheability to iden-
tify topic speci�c featuresis an advantagein mostapplica-
tionsof text classi�cation. Traditionalevaluationtechniques
give us no indication of how well our genreclassi�er will
performon documentsfrom othersubjectdomains. We in-
troduceanew evaluationmeasure,domaintransfer, which in-
dicatestheclassi�er's performanceondocumentsfrom other
subjectdomains.

Domain Transfer Accuracy
We measuredomain transferin an attemptto measurethe
classi�er'sability to generalizeto new domains.Forexample,
agenreclassi�er built usingdocumentsaboutfootball should
beableto recognizedocumentsaboutpolitics from thesame
genre.Domaintransferis essentialasin ahighvolumedigital
library scenario,it may be prohibitively expensive to train a
separategenreclassi�er for everysubjectdomain.



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

Table2: Corpusdetailsfor thesubjectivity classi�cationex-
periment

We usethedomaintransfermeasureasanindicatorof the
classi�er's generality. It alsogivesus an indicationof how
muchthegenreclassi�cationtaskin questionis topic depen-
dentor topic independent.

Domain transferis evaluatedby training the classi�er on
onesubjectdomainandtestingit onanothersubjectdomain.

5.2 Experimental Setupand DocumentCorpora
Table2 showsthedetailsof thecorpususedfor thesubjectiv-
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-
tomaticallyspideredfrom thesesitesover periodof several
weeks. The documentswerethenclassi�ed by handby the
authorasbeingeithersubjectiveor objective.

Table3 shows the detailsof our documentcollectionfor
the review experiment. The collection of review datasets
wassomewhat easierthan the collection of the subjectivity
datasets.The reasonis that the classi�cationof a document
couldbeextractedautomaticallyusinga wrapperfor thepar-
ticular site. For example,mostmovie reviews comewith a
recommendationmark. A review that awardsa �lm 4 stars
could be considereda positive review, while a review that
awardsa �lm 1 starcould be considereda negative review.
Thuswe automaticallyextract theclassi�cationof a particu-
lar review, negatingtheneedto manuallyclassifyeachdocu-
ment.

TheMovie reviewsweredownloadedfrom theMovie Re-
view QueryEngine2. This site is a searchenginefor movie
reviews. It extractsmovie reviewsfrom awiderangeof sites.
If the review containsa mark for the �lm, the mark is also
extracted. We wrote a wrapperto extract a large numberof
movie reviews andtheir correspondingmarksfrom this site.
The marksfrom varioussiteswere normalizedby convert-
ing themto a percentageandthenwe useddocumentswith
high percentagesas examplesof positive reviews and vice
versa.Marksbelow 41wereconsiderednegativewhile marks
of 100%wereconsideredpositive.

The restaurantreviews weregatheredfrom theZagatsur-
vey site3. This is asitethathostsasurvey of restaurantsfrom
the U.S.A. andEurope. Usersof the site submit their com-
mentsabouta particularrestaurantandassignmarksin three
categories(food,decorandservice).Themarksfor thesecat-
egoriesarebetween1 and30 andaretheaveragefor all the
usersthat have provided feedbackon that particularrestau-
rant. The reviews themselves consistof an amalgamation

2http://www.mrqe.com
3http://www.zagat.com

SubjectDomain Positive Negative Total
Movie 386 337 723

Restaurant 300 331 631

Table3: Corpusdetailsfor the review classi�cationexperi-
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: Singledomainaccuracy for subjectivity classi�ca-
tion

of differentuserscommentsaboutthe restaurant.We aver-
agedthemarksfor thethreecategoriesto getamarkfor each
restaurant.Restaurantsthat got an averagemark below 15
wereconsiderednegativewhile thosegettingmarksabove23
wereconsideredpositive.

5.3 SingleDomain Experiments
Table4 shows thesingledomainexperimentsfor thesubjec-
tivity classi�cationtask.TheBOW feature-setperformsbest
in all threesubjectdomains.The POSfeature-setis second
beston average,althoughthe differencebetweenit and the
TS feature-setis insigni�cant. All threefeature-setsachieve
goodaccuracy on this classi�cationtask,indicatingthatany
of thesefeature-setsaloneis suf�cient for building classi�ers
within a singlesubjectdomain. However BOW is the best
performingfeature-seton this task within subjectdomains.
Thisindicatesthattherearekeywordswithin eachsubjectdo-
mainthatindicatethesubjectivity of a document.

Table5 showsthesingledomainresultsfor thereview clas-
si�cation experiment. In both domains,the BOW approach
performssigni�cantly betterthanthePOSapproach.On av-
erage,theBOW approachachievesaccuracy of 82.7%.This
is a good level of accuracy for this classi�cation task. The
POSapproachperformspoorly in comparison(61.3%on av-
erage).

The BOW approachis capableof achieving good levels
of performancewhenattemptingto classifyreviews aspos-
itive or negative in a single subjectdomain. The POSap-
proachperformspoorly on this classi�cation task,even in a
single subjectdomain. The TS approachperformswell in
therestaurantdomain(94.1)but poorlyon themovie domain
(59). Thuswhile it' saverageperformanceis 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 83.4
Average 82.7 61.3 76.6 78.8

Table5: Singledomainaccuracy for review classi�cation



Test Train BOW POS TS MVE
Football Politics 58.5 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 67.3 78.5 67.8 77.3

Table6: Domaintransferfor subjectivity classi�cation

Test Train BOW POS TS MVE
Movie Rest 40.1 44.4 50.4 45.3
Rest Movie 55.5 49.8 44.3 52.9

Average 47.8 47.1 47.35 49.1

Table7: Domaintransferfor review classi�cation

5.4 Domain Transfer Experiments

Table 6 shows domain transferresultsfor the subjectivity
classi�cationtask.In thiscasePOSfeature-setperformsbest
(78.5),while theBOW feature-setperformsworst(63.7).So,
BOW goesfrom beingbestwhenevaluatedin a singlesub-
ject domainto worstwhenevaluatedacrossmultiple subject
domains.

. This indicatesthatwhile keywordscanbe usedto iden-
tify subjective documents,a modelbuilt usingthesefeatures
is morecloselytied to thedocumentcollectionusedfor train-
ing. Intuitively we would expectthat the classi�er built us-
ing the POSstatisticsasfeatureswould have a moregener-
alizablemodelof whatconstitutesgenrethanonebuilt using
keywordsor domain-speci�chand-craftedfeatures.

Table 7 shows the domaintransferresultsfor the review
classi�cationexperiment. On average,eachfeature-setper-
formsto asimilarlevelwith therebeinglessthan1%between
them. Eachfeature-setachievesaverageaccuracy of around
47%. This level of performanceis nobetterthanthatachiev-
ableby asimplemajorityclassi�er.

The single domainexperimenton this classi�cation task
showedthatBOW canachievehighlevelsof accuracy onthis
classi�cation task in a singlesubjectdomain. However the
domaintransferexperimentshows that the BOW approach
fails whenthetransferapproachis evaluated.TheBOW fea-
tureswhich indicatea positive movie review are not trans-
ferableto the restaurantdomainand vice versa. The POS
approachfails in boththesingledomainanddomaintransfer
experiments.

We concludethat thePOSapproachis not suitablefor the
taskof classifyingreviews asbeingeitherpositive or nega-
tive. The BOW approachcanachieve goodperformancein
a single subjectdomainbut cannottransferto new subject
domains.Even thoughthe traditionalmeansof evaluatinga
classi�er indicatethat theBOW achievesgoodperformance,
ourexperimentsindicatethatit performspoorlywhenweour
extradomaintransferconditionis evaluated.

5.5 Discussion

Ourexperimentsshow thatit is possibleto build genreclassi-
�ers thatperformwell within a singlesubjectdomain.How-
ever, single domainperformancecan be deceiving. When
we furtherevaluatetheclassi�ersfor domaintransferperfor-
mance,it becomesclear that gooddomaintransferis more
dif�cult to achieve.

Fromtheexperimentsabove,it is clearthatthereview clas-
si�cation taskis moredif�cult thanthe subjectivity classi�-
cationtask.All feature-setsachievedgoodsingledomainac-
curacy on this task,while the POSfeature-setalsoachieved
gooddomaintransfer. On the review classi�cation task,the
BOW approachachieved goodsingledomainaccuracy, but
noneof thefeature-setsachievedgooddomaintransfer.

From examinationof thedataset,reviews from the movie
domainareeasilyrecognisableby ahumanreaderasbeingei-
therpositiveor negative. It is moredif�cult to discernthecat-
egory for many of the restaurantreviews. Recallthat the re-
viewswereclassi�edautomatically, basedonscoresextracted
from thesourcewebsite.Therestaurantreviewsconsistedof
an amalgamationof usercommentsaboutparticularrestau-
rant. For many of thesereviews it is dif�cult for a readerto
decidewhetherthey arepositive or negative. Becausethey
combinedifferentusercomments,thestyleof the restaurant
reviewsis differentfrom thestyleof themovie reviewswhich
arewrittenby individualauthors.Thismayaccountfor some
poorperformancewhendomaintransferwasevaluatedfor the
review classi�cationtask.

It is alsoclear that no onefeature-setis suitablefor both
genreclassi�cation tasks. The BOW feature-setperforms
well in a single subjectdomain,while the POSfeature-set
performsbeston thesubjectivity classi�cationtaskwhenwe
evaluatedomaintransfer.

5.6 Modelsgenerated

We canexaminethe modelsgeneratedby C4.5 to seewhat
featuresthe classi�er is using to make its prediction. This
maygive ussomeinsight into theclassi�cationtaskin ques-
tion andgive uscon�dencein themodelbeinggenerated.If
the modelgivesus rules that seemintuitively relatedto the
genreclassi�cationtask,thisgivesuscon�dencein thevalid-
ity of themodel.Themodelmayalsogiveusinsightinto the
genreclassunderinvestigationandwhich featuresdifferenti-
ategenrebut arenotobviousfrom inspectionof thedata.

The root nodeof a C4.5decisiontreeis the attribute that
wasdeemedmostinformative with respectto discriminating
betweenthetargetclasses.For thesubjectivity classi�cation
task, the BOW approachgeneratedroot nodesbasedon the
words 'columnist', 'column' and 'column' for the football,
politics and �nance domainsrespectively. The presenceof
thesewordsis stronglyindicativeof adocumentbeingsubjec-
tive. It is easyto seethatdocumentscontainingthesewords
arelikely to besubjective in styleasthey areprobablywrit-
ten by a particularcolumnist,giving their opinion. For the
review classi�cationtask,theBOW approachgeneratedroot
nodesbasedonthewords'jolie' and'romantic'for themovie
andrestaurantdomainsrespectively. Theword 'jolie' occur-
ring in a movie review meansit is likely to negative, while



theword 'romantic'occurringin arestaurantreview meansit
is likely to bepositive.

This correspondsthe fact that the movie 'Tomb Raider'
starring Angelina Jolie was releasedaround the time the
datasetwascollected. Onecan imaginethat this is not the
kind of movie that would appealto �lm critics and would
be likely to garnernegative reviews. It alsoseemsunlikely
that this attributewould have any discriminatoryvaluein the
restaurantreview domain.

It alsoseemsreasonablethat the word 'romantic' usedin
relationto a restaurantis likely to indicatea positive review.
Howeverthisattributemayin factpenalizetheclassi�erwhen
transferredto themovie domainasit seemslikely thatmovie
reviewscontainingtheword 'romantic'aremorelikely to be
negativeratherthanpositive.

For the subjectivity classi�cation task, the POSapproach
generatestreeswith root nodesDT, RB andRB for thefoot-
ball, politics and�nance domainsrespectively. DT refersto
the distribution of determiners( e.g. as,all, any, each,the,
these,those).RB referstoadverbs(e.g.maddeningly, swiftly,
prominently, predominately).Subjective documentstendto
haverelatively moredeterminersandadverbs.On thereview
classi�cationtask,thePOSapproachfailedto accuratelydis-
criminatebetweenpositiveandnegativereviews.

TheTS approachgeneratestreeswith root nodesbasedon
the numberof words in the documentfor the football and
politics domainsand the distribution of the word 'can' for
the �nance domain. Shorterdocumentsare more likely to
be objective. It seemslikely that objective documentswill
oftenbemuchshorterthansubjectivedocumentsasthey just
reportsomeitemof news,withoutany discussionof theevent
involved.It is notclearhow thedistributionof theword 'can'
is indicativeof thesubjectivity of adocument.On thereview
classi�cation task,the TS approachdid not performwell in
the movie domain(59), but performedsurprisinglywell on
therestaurantdomain(94.1).In thiscasetherootnodeof the
generatedtreeis thenumberof long wordsin thedocument.
Reviews containinga small numberof long wordsaremore
likely to benegative.

6 Combining multiple views
We have investigatedthe useof threedifferent feature-sets
for the task of genreclassi�cation and attemptedto deter-
minewhich featuresarebetterfor building general,transfer-
ableclassi�ers. Our experimentshave shown that theutility
of eachfeature-setdependson the genreclassi�cation task
at hand. We seekto automateasmuchaspossiblethe pro-
cessof building a genreclassi�er. Noneof the feature-sets
areobviously generallysuperiorto theothersandit is unde-
sirableto haveto determinethebestfeature-setfor everynew
genreclassi�cation task. To further automatethe construc-
tion of genreclassi�ers,weinvestigatemethodsof improving
performanceby combiningfeature-sets.

6.1 An ensemblelearner
We cantreatthethreedifferentfeature-setsasdifferentinde-
pendentviewsof thedata.Wecanbuild ameta-classi�erthat
combinesevidencefrom classi�ersbuilt usingeachfeature-
setto make it' sprediction.

Thereareseveralmethodsof combiningclassi�ersto make
predictions.Baggingcombinesthepredictionsof severalsep-
aratemodels.Themodelsarebuilt usingdifferentsubsetsof
thetrainingdataandeachmodelvotesonthe�nal prediction.
Boostingis similar to baggingexceptthat the votesof each
model are weightedaccordingto someschemesuchas the
modelssuccesson thetrainingdata.

While baggingandboostingcombinemodelsof thesame
type,stackingcombinesmodelsbuilt usingdifferentlearning
models.

Our approachdiffers from thesein that we will combine
modelsbasedon our differentfeature-sets.This multi-view
ensemblelearningapproachbuilds a modelbasedon eachof
the threefeature-sets.A majority vote is taken to classifya
new instance.

The resultsachieved by the ensemblelearnerareencour-
aging.For thesubjectivity classi�cationtasktheresults( ta-
ble 4) achievedby this approach(MVE) arebetterthat those
achieved by any of the individual feature-sets.The domain
transfer(table6) is almostasgoodasthatachievedby POS,
andsigni�cantly betterthatthatachievedby theotherfeature-
sets.

For the review classi�cation task (table 5) this approach
performsbetterthanPOSandTS, but not a goodasBOW.
In thedomaintransfercase(table7), this approachperforms
bestonaverage.

This approachto classi�cation exploits the fact that the
threedifferentfeature-setsdonotmakemistakeson thesame
documents.So a mistake madeby the modelbasedon one
feature-setcanbecorrectedby themodelsbasedon theother
feature-sets.This works best in situationswhereall three
feature-setsachievegoodperformance,suchasthesubjectiv-
ity classi�cationtask. Wheneachfeature-setperformswell,
they aremorelikely to correcteachothersmistakes.

In caseswhere someof the feature-setsperform poorly
(such as the review classi�cation task), this approachwill
achieve performancethat is proportionalto the relative per-
formanceof theindividual feature-sets.

It seemslikely that for genreclassi�cation taskswhereit
is not clear which feature-setis most suitablefor the task,
thisapproachwill increasethelikelihoodof theclassi�erper-
formingwell.

6.2 Multi-view selective sampling

Figure 2 shows the �rst 100 points of the learningcurves
for thesubjectivity classi�cationtaskaveragedover thethree
subjectdomains.The vertical axis shows the averageaccu-
racy takenovertentrials. Thehorizontalaxisshowsthenum-
berof trainingdocuments.

Thenaive way of choosingdocumentsto addto thetrain-
ing set is to choosea documentat random. This approach
is shown for each of the three feature-sets(BOW_rand,
POS_randandTS_rand).ThePOSlearningrateis betteron
this taskthanthelearningratefor theothertwo feature-sets.

We seekto improve the learningrateof the genreclassi-
�ers. One methodof improving the learningrate is to use
active learningto selectively sampledocumentsto addto the
trainingset.Theaim is to selecttrainingdocumentsthatwill



Figure2: Multi-view selectivesamplingon thesubjectivity classi�cationtask

most improve the learnedmodel, thus achieving maximum
performancefor minimal trainingdata.

The approachwe investigateto improve the learningrate
usesthelevel of agreementbetweenthelearnedmodelsbased
on differentfeature-sets.The�rst documentto belabelledis
selectedat random.Thenext documentto be labelledis the
onewherethemodelsbasedonthethreedifferentfeature-sets
disagreemostabouttheclassi�cation.Thisis asimpli�cation
of theco-trainingalgorithm[2].

Applying this approachto our subjectivity classi�cation
task gives an improvement in learning rate for all three
feature-sets(BOW_al,POS_al,TS_al).For eachfeature-set,
thereis little differencebetweentherandomandactive learn-
ing approachesinitially. However astheclassi�cationaccu-
racy improves,theactive learningapproachbeginsto exhibit
a betterlearningrate that the randomapproach.This indi-
catesthat the active learningapproachconsistentlychooses
documentsthatimprovetheperformanceof theclassi�er.

7 Conclusions
In theory, genreandtopic areorthogonal.However, our ex-
perimentsindicatethat in practicethey partially overlap. It
may be possibleto automaticallyidentify genrein a topic
independentway, but the resultsof our domaintransferex-
perimentsshow that the feature-setswe investigateresult in
modelsthatarepartially topicdependent.

From a single domainpoint of view, our approachwas
very successful.If we usedonly theusualmethodsof eval-

uation,we would concludethat genreclassi�cation is not a
dif�cult taskandcaneasilybe achievedusingstandardma-
chinelearningtechniques.On the subjectivity classi�cation
task,all our feature-setsachievedhighaccuracy, while on the
review classi�cation taska standardbag-of-wordsapproach
achievedgoodaccuracy.

Wehavearguedthatstandardmethodsof evaluationarenot
suf�cient whenevaluatinggenreclassi�ersandthat in addi-
tion thegenreclassi�er's ability to transferto new topic do-
mainsmustalsobe evaluated.Whenwe evaluatethis addi-
tionalaspectof thegenreclassi�ers,we�nd thatit is dif�cult
to build classi�ersthattransferwell to new domains.

For thesubjectivity classi�cationtaskwe have shown that
it is possibleto build a genreclassi�er thatcanautomatically
recognizea documentasbeingeithersubjectiveor objective.
High accuracy in asinglesubjectdomaincanbeachievedus-
ing any of thethreefeature-setswe investigated(BOW, POS
or TS)but whendomaintransferis measuredfor this task,the
POSfeature-setperformsbest. Overall, thePOSfeature-set
is bestfor this genreclassi�cation task as it performswell
both in a singlesubjectdomainandwhentransferredto new
subjectdomains.

Thereview classi�cationtaskis moredif�cult. Goodaccu-
racy canbeachievedin asingletopicdomainusingtheBOW
approach.The POSapproachis not suitablefor this genre
classi�cationtask.All threefeature-setsfail to achieve good
domaintransferon this task.

Wealsoinvestigatedmethodsof combiningthepredictions
of modelsbasedon the different feature-setsandshow that



this improvesperformance. This approachis perhapsbest
whenapproachinga new genreclassi�cationproblem,where
it is not clearwhich feature-setis mostsuitablefor thetask.

We alsoshow that the learningrateof thegenreclassi�er
canbeimprovedby actively selectingwhichdocumentto add
to the training set. This selectionis basedon the level of
disagreementof modelsbuilt usingeachfeature-set.

Thesetwo approachesfurtherfacilitatetheaimof automat-
ing asmuchaspossibletheprocessof building genreclassi-
�ers. All threefeature-setscan be extractedautomatically.
Theensemblelearningapproachcangive goodperformance
on the genreclassi�cation task and the active learningap-
proachcanimprove performanceon smallamountsof train-
ing data.

7.1 Futur ework

We identi�ed two samplegenreclassi�cation tasks. These
particulargenreclassescouldbeusefullyappliedto improve
existing systems.Applicationsthat utilize genreclassi�ca-
tion to provide noticeablebene�ts to the end usermust be
developedto illustratethatgenreclassi�cationcanbea use-
ful, practicaltechniquethatcanbeusedto improvetheresults
of documentretrieval systems.

In building suchsystemsit will beusefulto identify addi-
tional genresthat can improve a usersability to �lter doc-
umentsand reducethe numberof documentsthat are po-
tentially relevant to them. An expandedgenretaxonomyis
neededtogetherwith appropriatetechniquesfor automati-
cally identifying genres.We found that the techniquesthat
weresuccessfulon onegenreclassi�cationtask(subjectivity
classi�cation),werelesssuccessfulonanothergenreclassi�-
cationtask(review classi�cation).

The ability to achieve gooddomaintransferis important
for genreclassi�ers.Thetechniqueswe useddid not provide
a completeseparationof genreandtopic. Furtherinvestiga-
tion is neededto determinemethodsof identifying genrein
a topic independentway. We alsoneedto re�ne methodsof
evaluatingdomaintransferanddeterminehow to meaning-
fully comparetheperformanceof differentgenreclassi�ers.

Ideally oncea generalgenretaxonomyis de�ned we need
techniquesfor automaticallyconstructinggenre classi�ers
within this taxonomy. One would hopethat therearegen-
eral techniquesthat could be usedto build all classi�ers for
all genreswithin a taxonomyandthat thesegenreclassi�ers
will transfereasily to new subjectdomains. However, our
experiencehasshown that this is dif�cult and methodsfor
achieving theseaimsneedfurtherinvestigation.

Other feature-setscould be generallyuseful for building
genreclassi�ers.Theadditionof furtherfeature-setsmayalso
improve theperformanceof theensemblelearnerandactive
learningapproaches.

In generalfuturework consistsof extendingthework we
havedoneontwo genreclassi�cationtasksto ageneralgenre
taxonomy. Classi�ersbuilt to identify genreclassi�erswithin
this genretaxonomyshouldbeeasyto build anddomainin-
dependent.The other major areafor future work is to im-
plementapplicationsthatusegenreclassi�cationto improve
userexperience.
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