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Abstract
This paperproposesa methodologyfor obtainingsentencesontainingdiscoursemarkersfrom the World Wide Weh The proposed
methodologyis particularlysuitablefor collectinglarge numbersof discoursemarler tokens. It relieson the automatiddentificationof
discoursamarkers,andwe shav thatthis canbe donewith anaccurag within 9% of thatof humanperformanceWe alsoshav thatthe
distribution of discoursemarkerson theweb correlatesighly with thosein a conventionalbalancedtorpus.

1. Intr oduction

Discoursemarkers are words or phraseswhich link
clausesor sentencedy signallingrelationsbetweerthem,
e.g.becauseafterwards, or assuminghat This paperis
concernedvith the automaticcollectionof sentenceson-
tainingdiscoursamarkersfrom the World Wide Weh Hav-
ing large numbersof suchsentencess importantfor both
theempiricallinguistic studyof discoursanarkers,andalso
thecomputerprocessingf naturallanguageliscourse.

Thestudyof discoursenarkersconstituteganimportant
stepin the study of naturallanguagediscourse. Histori-
cally, theempiricalstudyof discoursanarkershasinvolved
manualanalysisof examplesentencegKnott, 1996,for ex-
ample). The speedand difficulty of manualanalysishas
meantthatclaimshave beenmadeonthe basisof relatively
few examples.Recently however, researcherbave begun
applying automaticmethodsof analysisto large corpora.
Bestgeretal. (2003) have usedLatentSemanticAnalysis
to investigatethe distributionsof causaldiscoursemarkers.
Hutchinson(2003) and Bestgenet al. (2003) have shavn
thatlexical co-occurrenceprovide evidenceof differences
andsimilaritiesin meaningof discoursemarlers.

Natural LanguageProcessinghas also begun to use
large numbersof discoursemarkersin approacheso dis-
courseunderstandingand generation. Within discourse
understandingone strain of researcthasfocussedon the
taskof distinguishingdiscourseand sententialusesof dis-
coursamarkers(SiegelandMcKeown, 1994;Litman, 1996;
Marcu, 1998). Discoursemarkershave alsobeenusedin
theunsupervisetkarningof discourseelationsg(Marcuand
Echihabi,2002; LapataandLascarides2004). Within dis-
coursegenerationgorporaof discoursemarkershave been
usedo train statisticainodelspredictingif discoursemark-
ers should be generatedand if so whee they shouldbe
placed(Di Eugenioetal., 1997).

Large scale empirical researchsuch as this requires
mary examplesof discoursemarkersto train on. But even
alarge corpussuchasthe British National Corpus(BNC)
(seeBurnard(1995)),with 1200million words,containsew
instancef somediscoursemarkers; for example, it con-
tainsjust nine matcheof the stringalwaysassuminghat,
andat leasttwo of thesematchesare not discoursemark-
ers. In fact, it hasbeenpointed out that the BNC does

not containenoughdatafor statisticallystableconclusions
aboutmost English lexical items (Kilgarriff and Grefen-
stette,2003).

MarcuandEchihabis (2002)solutionto the sparseness
problemis to manually constructa 1 billion word train-
ing corpus,by combiningpreviously existing resourceslin
contrast,this paperproposesovercomingdata sparseness
by usingthewebasa sourceof examplesentencesWe au-
tomaticallyconstructdatabasef sentencesachof which
containsadiscoursemarker.

We proceedby first consideringthe use of the web
as a sourceof linguistic data. In Section3 we present
our methodologyfor obtainingdiscoursemarkersfrom the
weh In Section4 the proposalis evaluated.We conclude
anddiscusduturework in Section5.

2. Thewebasa sourceof data

It may be arguedthat the World Wide Web is unrep-
resentatie of languageusein general. However Kilgar-
riff and Grefenstett€2003) point out that our understand-
ing of whatit meango berepresentatie is quite primitive.
They conclude:“The webis not representatie of anything
else.But neitherareothercorpora,in ary well-understood
sensé. Despitequestionsaboutits representatienessthe
webis increasinglyiewedasa sourceof valuablelinguis-
tic data(for an overview seeKilgarriff and Grefenstette
(2003)).Indeed awebsearctenginewaslaunchedecently
aimedspecificallyat aidinglinguistic researci{Resnikand
Elkiss,2004).

Furthermorerecentempiricalwork hasshavn thatthe
web can be usedas a reliable sourceof certaintypes of
statisticallinguistic information. For example,Keller and
Lapata (2003) shawv that the web provides statisticson
Adjective-Noun Noun-NounandVerb-Objechigramsthat
correlatewell with statisticfrom bothalargebalanceaor-
pus (the BNC), and an even larger single domaincorpus
(the North AmericanNews Text Corpus).In addition,they
alsoshow thathumanplausibility judgementgorrelatebet-
terwith thebigramstatistic§rom thewebthanthey dowith
thosefrom eitherof thecorventionalcorpora.lt is therefore
aninterestingquestionasto whethersimilar resultscanbe
obtainedfor discoursemarkers. We will shav below that
discoursemarker co-occurrencesbtainedrom thewebdo
correlatehighly with thosefrom the BNC.
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Figurel: Methodologyfor mining theweb

3. A methodologyfor mining the web for
discoursemarkers

We shall now describea methodologyfor mining the
webfor sentencesontainingdiscoursemarkers. This task
is madedifficult by the fact that mary discoursemarkers
alsohave non-discourseises.For example,assuminghat
is not a discoursemarker in | was assumingthat you'd
left, while andmay coordinateary constituent®f thesame

type.

3.1. Systemdescription

Our methodologyis shavn schematicallyin Figure 1,
andeachof the mainstagess summarisedbelow.

Stepl: Searching the web

A searchengineis usedto find pagesthat may contain
discoursenarkers,by searchindor theirsurfaceforms. For
example,to collectexamplesof the discoursemarker and,
we begin by doingawebsearchor " and"” .

Onedifficulty is that mary searchenginesrestricthow
mary hits may be accessegber search. For example Al-
taVista only returnsthe top 1,000 hits. Our approachto
overcomingthis is to usedigits asadditionalsearchterms.
For example,usingAltaVista we canretrieve 1,000pages
containingoothandandthedigit 1 by searchindor " and"
AND 1. Similarly, we canretrieve 1,000pagescontaining
andbut not1 by searchindor " and” AND NOT 1. Thus
we retrieve atotal of 2,000pagescontainingand. In doing
this we make animplicit assumptiorthat the distributions
of "and" andl areindependentbhut thisis unlikely to be
harmful.

Step2: Documentparsing

The URLSs returnedby the searchengineare down-
loadedand analysedautomatically An HTML parseris
usedto extract textual elementsfrom the document,and
punctuatiorheuristicsaareusedto seggmentthetext into sen-
tences.Sentencesot containingstringsmatchingtherele-
vantsurfaceformsarefilteredout.

At this stagewe will have alist of sentencesontaining
bothdiscourseandnon-discourseisesof and, for example.

Step3: Copy filtering

Multiple copiesof identicalsentencefoundontheweb
arediscarded.The motivationfor this is twofold. Firstly,
we do not wantto wasteprocessingime by analysingthe
samesentenceepeatedly

Secondly we aim to avoid repetitionsof a single ut-
teranceaffecting our statistics. Suchrepetitionsmay oc-
cur throughthe mirroring of websites syndicationof news

itemsor columns,plagiary or quotation.For example,the
discoursemarkerandoccursin thesentence

All programmersaireplaywrightsandall comput-
ersarelousyactors.

This sentencescoresl,150 hits on Google,andall these
hits probablystemfrom a single creative utterance. It is
repetitionssuchasthesethatwe wantto avoid.

A negative consequencef this decisionis that we do
not capturethe frequeng with which the samesentence
may be createdndependentlyFor example,we ignorethe
informationthat Comeand getit! is a commonuseof the
discoursemarker and

Step4: Sentenceanalysis

A parseiis run on eachsentenceandtheresultingparse
tree is automaticallyanalysedto determineif the previ-
ouslyidentifiedsurfaceformsareactuallydiscoursemark-
ers. Thisapproachs novel, in contrasto previoussurface-
basedapproache¢Marcu, 1998, for example). Sentences
notcontainingdiscoursenarkersarediscardeditthisstage.

Becausahe webhasthe opportunityto provide a huge
amountof trainingexampleswe canafford to be consenra-
tivein ouridentificationof discourseamarkers.Howeverwe
mustalso be carefulthatin being consenrative we do not
collectanunrepresentate sampleof data.

Step5: Databaseupdate

Sentencesdentified as containing discoursemarkers
aresavedto a databaseindexed by the discoursemarkers
they contain for lateranalysis.Thisindexing malkesit easy
to usethe databasasaresourcdor analysinghedistribu-
tionsof particulardiscoursamarkers.

3.2,

The above procedurehasbeenimplementedusing the
AltaVista searchengine, CPAN’s HTML::Parsermodule,
and Charniaks (2000) statisticalparser The systemwas
usedto mine the web for sentencegontainingeachof a
set of 116 discoursemarkers, by analysing8,000 pages
containingeachdiscoursemarker’s surfaceform. These
discoursemarkerswere all structuralconnectves,in that
syntacticallythey function asto combine clauseswithin
a sentencgWebberet al., 2003). For example,the struc-
tural connectvesincludedcoordinatingconjunctionssuch
asand, subordinatingconjunctionssuchasafter, anda va-
riety of multi word expressionswith diverseinternalcom-
positions,including assuminghat, aslong as, everytime,
giventhat, despitethe factthat, exceptafter, evensince on
conditionthat, andto the extentthat

Implementation
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Discoursamarker | In BNC | In 8,000webpages| Extrapolationto entireweb (#pagehits usingAlltheWeb)
and 371,43 33,626 5,200,550,000 (1,237,269,101)

after 30,551 9,132 307,068,000 (269,003,783)

aslongas 2,357 6,244 19,873,100 (25,461,952)
assuminghat 395 4,695 1,460,880 (2,489,247)

everytime 660 5,124 9,400,120 (14,676,227)

Tablel: Numberof sentenceglentifiedascontainingdiscoursemarkers

In identifying structuralconnectvesautomatically the
main requirementve have is thatthe candidateconnectve
immediatelyprecedesn S nodein the parsetree. Figure2
givesexamplefragmentsf parsetreesthatwould beiden-
tified as containingdiscoursemarkers. Note that the al-
gorithm is robustin the face of someparsererrors, such
asthe unusualexpansionPP—I N S in thethird example.
Becauseheidentificationof discoursemarkersis the most
difficult stepin the processweincludeanevaluationof the
performancef our modulein Section4.2..

(S...) (CCand) (S...)

(SBAR (I N after) (S...))

(PP (IN after) (S...))

(PP (VBN given) (SBAR (INthat) (S...)))

(NP (DT the) (NN nmonent) (SBAR...))

(ADVP (RB as) (RB long) (SBAR (IN as) (S...)))
(PP (INin) (SBAR (INthat) (S...)))

Figure2: Identifying structuralconnectves

4. Evaluation

Evaluationconsistedof threeparts: 1) comparingthe
numberof examplesentencesbtainablgrom thewebwith
thenumberavailablein the BNC, 2) checkingtheaccurag
of the SentenceAnalysis modulein identifying true dis-
coursemarkers,and3) estimatinghow well sentencesb-
tainedfrom the web arerepresentatie of generalusageof
discoursemarkers.We now describeeachof thesean detail.

4.1. Quantity of sentence®btainable from web

Thefirsttwo stage®f theevaluationusedfive discourse
markersthathaddifferentsyntacticcompositionssignalled
differentdiscourserelations,andhaddifferentfrequencies
in theBNC. They wereand, after, assuminghat, aslongas
andeverytime. For eachwe comparedhenumbersof sen-
tencesin our databasevith the numberof thoseobtained
from the BNC usingthe sameSentenceAnalysis module
(seeTablel). Furthermorewe werealsoableto estimate
thetotal numberof tokensof eachdiscoursemarker avail-
ableonthewebin February2004. This wasdoneby using
the AlltheWeb searchengineto seehow mary pagescon-
tainedthe surfaceform, and extrapolatingfrom the num-
ber of discoursemarker tokensin the 8,000analyseddoc-
uments. Thesefiguresshouldbe consideredower bounds
dueto the emphasin precisionin the SentencéAnalysis
module.Theresultsillustratethe enormougpotentialof the
webasa sourceof dataaboutthe distribution of discourse
markers.

4.2. Accuracy of the SentenceAnalysis

As mentionedabove, in the Sentencénalysisstagewe
regardprecisionasmoreimportantthanrecall,andsoit is
precisionthat we evaluatehere. For eachof the samefive
discoursemarkers, 100 examplesfrom the databasevere
selectedat random. Thesewere inspectedby two human
judges,who were aslked whethereachsentencecontained
the given discoursemarker. The resultsare shovn in Ta-
ble 2. Sincethejudgesdisagreedn 7% of casesanupper
boundof 93%canbeinferredfor thetask. Theresultsshov
thatthe sentenceanalysismoduleachiezed an accurag of
betweerB4.4%and91.4%,dependingon how thejudges’
disagreementsight be resoled. This is comparableto
Marcu’s (1998)achiezementof 89.5%precisionon identi-
fying asetof 275discoursemarker tokens.

Markedcorrectby: Inter-judge
2judges| 1ljudge | agreemenfK)
and 88.0% 2.0% 0.898
after 80.0% | 12.0% 0.505
aslongas 88.0% 9.0% 0.363
assuminghat 76.0% 8.0% 0.750
everytime 90.0% 4.0% 0.729
| Total | 84.4%]| 7.0% ] 0.671 |

Table2: Accurag of Sentencé\nalysis

Therewas variation acrossdiscoursemarkers, both in
accuray of the systemandin disagreemenbetweenhu-
manjudges.To evaluatethe significanceof the variationin
the systems performancewe corvertedthe resultsin Ta-
ble 2 to scoresout of 200. For example,on everytime the
systemagreedvith bothjudges90timesandjustonejudge
4 times, for a scoreof 184/200. We then appliedthe y?
test. The systems accurag on assuminghat differedsig-
nificantly from its performanceneachof aslongas(x? =
13.18; p < 0.001), everytime(x? = 11.96; p < 0.001) and
and(x? = 6.18; p < 0.025). Its performanceon after also
differedfrom thaton aslongas(x? = 4.40; p < 0.05).

Overall, the two judgesagreed93% of the time. The
significanceof this was evaluatedusing the kappastatis-
tic (Carletta,1996). The kappastatisticis definedas

Py— P,
K="2"°0
1-P,

where P, is the probability that the judgesagreein prac-
tice, and P, is the probability thatthey would have agreed
by chanceln ourcase K = 0.671, indicatinga goodlevel
of agreementhoweveragreementvaspoorfor aslongas
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4.3. Quality of sentencesnined from web

Theweb may be claimedto be unrepresentate. Here
we attemptedo quantify representatienessy comparing
discoursemarker co-occurrence®btainedfrom the web
with thosein the BNC. This stageof the evaluationuseda
differentcollectionof discoursemarkersthanthe previous
stages. This time only high frequeng discoursemarkers
werechosenastheseprovide morereliabledatafor calcu-
lating correlationstatistics.They arelistedin Table3.

Comparisorbetweenthe web sentencesndthe BNC
ones was done by comparing bigram counts for co-
occurrencef structural connectves and adwerbial dis-
coursemarkers (e.g. furthermoe, then, as a result after
wards), alongthe lines of Hutchinson(2003). Thesebi-
gramsare indicative of the discoursecontets in which
the discoursemarkers appear The reasonthereare more
BNC bigramsthanWebbigrams s thatthesefive discourse
markers occur with a higher frequeng in the BNC than
they doin 8,000webpagescontainingtheir surfacestrings
(which may or may not be discoursemarkers). This is not
the casein general.Correlationwas measuredising Pear
son’s r, andthe resultsindicatea high degreeof correla-
tion. This suggestsentence$rom the web containdis-
coursemarkerswhich arerepresentatie of their discourse
contexts.

Correlation | #BNC bigrams | #Webbigrams
after 0.8028* 1,504 258
and 0.9259* 126,714 11,153
before | 0.8555* 4,329 398
but 0.9578* 87,193 7,159
or 0.8898* 2,677 454

**p < 0.00005

Table 3: Correlationbetweendiscoursemarker bigrams
from the BNC andtheweb

Thesecorrelationstatisticsare higher on averagethan
thosefound by Keller and Lapata (2003) for Adjective-
Noun (r = 0.847), Noun-Noun(r = 0.720) and Verb-
Object(r = 0.762) bigrams. This may be dueto their be-
ing fewer distinct discoursemarkersthanthereare verbs,
nounsor adjectves.

5. Conclusionsand futur e work

We have proposeda procedurefor automaticallyex-
tracting sentencegontainingdiscoursemarkers from the
weh We shavedthatmary moreexamplescanbeobtained
from the web usingthis procedurghancanbe obtainedin
the BNC. Accurag in identifying discoursemarkerswas
high overall,althoughtherewassignificantvariationacross
discoursenarkers.Notethatin empiricalNLP somedegree
of noisein is acceptablevhen large amountsof dataare
available. Finally, the high correlationof discoursemarker
bigramsshows thatexamplesentenceminedfrom theweb
arein atleastsomerespectsimilar to thosegatheredrom
theBNC.

In future work we will expandthe databaséy alsoap-
plying the methodologyto gatheringadwerbial discourse
markers.
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