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or diffusingthethrustof criticismwith perfunctoryremarks(“damningthemwith faint

praise”).Brooks's (1986) interviews of scholarsandclassi�cationof 437 references

con�rms this hypothesis.In our datawe found ampleevidenceof this effect, cf. the

following examples:

This accountmakes reasonablygood empirical predictions,thoughit does
fail for thefollowingexamples: (S-75,9503014)

Hidden Markov Models (HMMs) (Huang et al. 1990) offer a powerful
statisticalapproach to this problem,thoughit is unclearhow they could be
usedto recognisetheunitsof interestto phonologists. (S-24,9410022

Eventhoughtheseapproachesoftenaccomplishconsiderable improvements
with respectto ef�ciency or terminationbehavior, it remainsunclear how
theseoptimizationsrelateto each otherandwhatcomprisesthelogic behind
thesespecializedformsof �ltering . (S-21,9604019)

Whentherewasapparentsimultaneouspositiveandnegativeevaluationof aci-

tationin onepaper, thepositivenegationalwaysprecedesthenegativeone,suggesting

thattherealintentionwasto criticize.

The movesgiven in �gure 3.9 arebasedon authorstance.The �rst of these

movesdescribesa weaknessof previous research(cf. Spiegel-Rüsing's 10, 12, pos-

sibly 13; Moravcsik/Murugesan's “negational/juxtapositional”).The next three de-

scribecomparisonsbetweenown and other work (cf. Spiegel-Rüsing's category 5;

no Moravcsik/Murugesancategory). The move expressingthe fact that other work

is advantageousis best expressedwith Spiegel-Rüsing's category 9, and Moravc-

sik/Murugesan's “con�rmative”. The �nal move, a statementof intellectualancestry,

is expressedin many of Spiegel-Rüsing's categories(2, 3, 4, 5, 6, 7, possibly9), and

in Moravcsik/Murugesan's “evolutionary”category.

Notethatourmaindistinctioninto positive/continuingandnegative/contrastive

stancescanbeexpectedto beintuitive:all annotationschemesenumeratedheremake

this distinction, including Shum's (1998) meta-datascheme.Spiegel-Rüsing's and

many otherschemes,however, typically make �ner distinctions.
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13. SHOW: OTHER SOLUTION IS FLAWED

Goal-freezing[ ����� ] is equally unappealing: goal-freezingis computationallyexpensive, it de-
mandstheprocedural annotationof anotherwisedeclarativegrammarspeci�cation,andit pre-
supposesthata grammarwriter possessessubstantialcomputationalprocessingexpertise.

(S-59,9502005)

14. SHOW: OWN SOLUTION IS DIFFERENT FROM OTHER SOLUTION

Theuseof thechart to storeknownresultsandfailuresallowstheuserto develophybridparsing
techniques,ratherthan relying on the defaultdepth-�rst top-downstrategy givenby analysing
with respectto thetop-mostcategory. (S-146,9408006)

15. SHOW: OWN GOAL/PROBLEM IS DIFFERENT FROM OTHER GOAL/PROBLEM

Unlikemostresearch in pragmaticsthat focuseson certain typesof presuppositionsor impli-
catures,weprovide a global framework in which onecan expressall thesetypesof pragmatic
inferences. (S-124,9504017)

16. SHOW: OWN CLAIM IS DIFFERENT FROM OTHER CLAIM

Despitethehypothesisthat thefreeword orderof Germanleadsto poor performanceof low or-
der HMM taggerswhencomparedwith a language like English,wehaveshownthat theoverall
resultsfor Germanare verymuch alongthelinesof comparableimplementationsfor English,if
notbetter. (S-117,9502038)

17. SHOW: OTHER SOLUTION IS ADVANTAGEOUS

CUG (Categorial Uni�cation Grammar;Uszkoreit (1986))is advantageous, comparedto other
phrasestructuregrammars, for parallel architecture, becausewecanregard categoriesasfunc-
tional typesandwecanrepresentgrammarruleslocally. (S-10,9411021)

18. STATE: OTHER SOLUTION PROVIDES BASIS FOR OWN SOLUTION

We presenta differentmethodthat takesasstartingpoint theback-off schemeof Katz(1987).
(S-24,9405001)

Figure3.9:MovesBasedon AuthorStance

Our move 18 STATE: OTHER SOLUTION PROVIDES BASIS FOR OWN SOLUTION

might well be split into a) theoreticalbasisb) useof dataor c) de�nition of used

methodology—however, what interestsus hereis the positivetenetand the idea of

intellectualancestrymorethantheexactaspectof agreementwith theprior work.

Contentcitation analysisexperimentsseemto point to the fact that humans

arein principlecapableof determiningauthorstancein runningtext—wewill, in sec-

tion 4.3,employ humanjudgementfor a similar task.However, asalreadymentioned

in section2.1.2,we areconcernedaboutthe potentiallyhigh level of subjectivity, a

generalproblemwith many studiesin the�eld of contentcitationanalysis.
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We try to increasethe objectivity of the taskby giving exact guidelinesand

instructingourannotatorsto only markcitationstancewhentheauthorshaveexplicitly

statedit. Also, the most subjective categoriesare not part of our scheme(“paying

homageto pioneers”),whichshouldputusonfairly objectiveground.Nevertheless,in

orderto make surethat thesedecisionscanindeedbemadereliably, we alsomeasure

reproducibilityandstabilitybetweenseveralannotatorsformally.

Othercontentcitationanalysisresearchwhich is importantfor usconcentrates

onrelatingtextualspanstoauthors'descriptionsof otherwork.Forexample,in O'Con-

nor's (1982)experiment,citing statements(oneor moresentencesreferringto other

researchers'work) weremanuallyidenti�ed. The main problemencounteredin that

work is the fact that many instancesof citation context are linguistically unmarked.

Ourdatacon�rms this:articlesoftencontainlargesegments,particularlyin thecentral

parts,which describeresearchin a fairly neutralway. In orderto capturethe role of

theselong neutralsegmentsfor theoverall argumentation,we neededto de�ne differ-

ent typesof moves.The basisof this de�nition will be the attribution of intellectual

ownership,asmotivatedin thenext section.

3.2.3.Attrib ution of Intellectual Ownership

We havediscussedin theprevioussectionhow knowledgeclaimsof otherauthorsare

acknowledgedin the reward systemof science.Of course,it is equallyessentialthat

theknowledgeclaimsof thecurrentpaperitself areregisteredproperly(Myers,1992),

asthe intellectualrights to the solutionor claim associatedwith the researcharenot

ownedby theauthorsuntil they havebeenacceptedby thecommunityvia peerreview

(ZuckermanandMerton,1973).

Whereasit is arguably in the interestof every researcherto publishasmany

articlesas possible,new researchresultsare a scarceand valuablesubstance.Re-

searchmight be presentedand possiblyperceived as coming naturally in different

“sizes”—journal-article-length,conference-lengthor workshop-lengthpacketsof sci-

enti�c knowledge—but it is clear that this is not how researchis done.It is more

typically a continuousactivity carriedout over decadesby an individual andher co-

workers,suchthat it is not obvioushow muchof it shouldbe reportedin onepaper.

Instead,theamountof new researchgoinginto apaperis astrategic decisionfor every

researcher.

Onestrategy for publishingmoreis to presentasmany aspectsof onepieceof
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researchin asmany publicationsaswill getaccepted,with asfew changesaspossible.

This resultsin authorsbreakingresearchdown into “smallestpublishableunits”. This

phenomenonis illustratedby clustersof paperswith titleswhichareclosevariationsof

onetheme—itcanbeassumedthatthescienti�c innovationspresentedin thesepapers

will show ahighlevelof overlap.However, thereis atensionbetweentheinterestof the

individual to publishandthe interestof the �eld not to beswampedby near-identical

papers.Themainquality controlmechanismin scienceis thepeer-reviewing process,

which guaranteesa minimum size of the smallestpublishableunit, by makingsure

thatin principleeachpublishedpapercontainsat leastsomethingnew (“original” and

“previouslyunpublished”).

A scienti�c papercontainsmany ideasandstatementswhich arenot the au-

thors' own ideasandbeliefs,but which are neededto guide the readertowardsac-

ceptingtheir own ideasand beliefs. Other ideas,methodsor resultsare associated

with other researchers,namelythosewhich own the intellectualrights for them.Of

course,theauthordoesnot claim intellectualownershipof thosestatements;instead,

sheshouldrecognizetheotherauthors'knowledgeclaimsfor them.

We think of documentsasdividedinto segmentsof differentintellectualown-

ership,whereeachsegmentplaysacertainrole in theoverallscienti�c argumentation:

� Generalstatementsaboutthe �eld' s problemsandmethodologies;statements

areportrayedasgenerallyacceptedin the�eld (BACKGROUND).

� More speci�c descriptionsof other researchers'work, e.g. rival approaches

(OTHER).

� As thereal interestof anauthoris to stake a new knowledgeclaim,sheneeds

to makeclearwhatexactlyhernew contribution is (OWN).

Thelogical tri-sectioninto typesof intellectualownershipis relatedto these-

manticsof all movesintroducedsofar, andit alsode�nesthethreenew movesshown

in �gure 3.10.Thesemovesconstitutelarger textual units thanthemovesintroduced

sofarwhicharetypically associatedwith singlesentences.For acoverageof theentire

paper, thelongermovesareindispensable.

Webelievethatclearattributionof intellectualownershipis oneaspectof over-

all writing quality of a paper:readersoften have dif�culty recognizingattribution of

intellectualownershipin unclearlywrittenpapers.Section4.3.2will addressthisques-

tion by �rst experimentallytestingif humanscanin principleattributeownershipreli-
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19. DESCRIBE: GENERAL SOLUTION

Thetraditionalapproach hasbeento plot isoglosses,delineatingregionswhere the sameword
is usedfor thesameconcept. (S-3,9503002)

20. DESCRIBE: OTHER SOLUTION

Instead,Katz's back-off schemeredistributesthefreeprobabilitymassnon-uniformlyin propor-
tion to thefrequencyof � EQN/� , bysetting � EQN/� (S-56,9405001)

21. DESCRIBE: OWN SOLUTION

Thebasicidea[ ����� ] is to movefromdealingwith a singlemodelto dealingwith a collectionof
modelslinkedbyanaccessibilityrelation. (S-196,9503005)

Figure3.10:MovesBasedon IntellectualOwnership

ably; it will thenarguethat thosetexts wherethey disagreemuchmorethanexpected

mustbelessclearlywritten.

How do humansunderstandwho a certainstatementin a scienti�c article is

attributedto?

� Top-downinformation:Readersanticipatecertainargumentativemoves;when

interpretingthe text they infer the probablecommunicative intentionsof the

author.

� World-Knowledge: Expertsuseworld knowledgeto infer intellectualowner-

ship.They know which statementsin a text areestablishedfactandwhich are

intellectuallyownedbyotherresearchers,andassumethateverythingelsemust

betheauthors'conjectureor knowledgeclaim.

� Agent markers: Agents(other researchersor the authors)typically appearin

ritualizedroles—they areoften portrayedasrival researchers(“Chomsky ar-

guesthat”, “workers in AI” ), ascontributorsof supportive research(“several

discourselinguists”) andasrepresentativesof thegeneralopinion in the �eld

(“It is a well-knownfact that”).

� Segmentationand boundaries:However, not every sentencecontainsagent

markers.Onthecontrary, evenin clearandwell-writtenpapers,mostsentences

areunmarkedpropositionswhich statefactsabouttheobjectworld. Their sta-

tus canbe inferredfrom surroundingattribution boundaries.Readersassume

thatunmarkedstatementsareattributedto thepreviously explicitly mentioned
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agents,until anew explicit attribution rede�nesthestatusof thenext segment,

or until anobviouscon�ict catchesthereader's eye.

� Linguistic Cues:Readersuse linguistic cueslike tenseand voice and non-

linguistic cueslike locationto checkthat they arestill in the typeof segment

they expectto bein.

Of course,therearepaperswhich show a lesspronouncedtri-sectionof intel-

lectualownership.Work which is “close” to theauthors—particularlypreviousown or

co-authoredwork, but alsowork of friendsor colleaguesof the sameinstitution—is

usuallytreatedin thetext similarly to how theown work is treated,e.g.it is evaluated

morepositively thanotherwork cited.In somecases,theauthorscontinuea tradition,

i.e.,adda smallamountof researchto own previouswork describedelsewhere.Often

the largestpart of suchpapersdescribesthe previousown work in a tenetthatmight

make the readermistake it for the actualnew contribution of the given paper, if she

doesnotknow theprior paper(“smallestpublishableunit”). Attributionmight thenbe

ambiguousfor largeportionsof thetext, anunclaritywhich might actuallyevenbein

theinterestof theauthor.

However, we considerclosework asdistinct from thecurrentwork: As moti-

vatedin chapter1, our taskis to determineeachpaper's contribution with respectto

otherpapersin orderto supportsearchersin a documentretrieval environment.Their

choiceis boundto be particularly dif�cult if the papersare by the sameauthorsin

a similar time frame.The ideais that it is the knowledgeclaim of eachpaperwhich

shouldprovide theselectioncriterion.

In review or positionpapers,all intellectualwork is at a meta-level (reasoning

aboutresearchwork)—noown “technical” object-level work is performed.Thus,the

distinctionof own andotherwork doesnot really apply. A similar caseof meta-level

researchareevaluationpapers,i.e.papersin whichoneapproach(typically, one'sown)

is formally evaluatedon a given task,or several approachesare formally compared

(one'sown approachtypically beingoneof these).

For now, thereis onelastpiecemissingin theargumentationalmosaicbefore

we canmoveon to theoverallmodel.This piecehasto do with statementsdescribing

researchasasequenceof (successfulor unsuccessful)problem-solvingactivities.
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3.2.4.Statementsabout Problem-SolvingProcesses

Therearedifferentdescriptionsof theinternallogic of thescienti�c researchprocess;

someof theseare orientedin the hypothesistestingframework (Suppe,1998).An

alternative is to regardscienti�c papersasreportsof aproblem-solvingactivity (Hoey,

1979;Solov'ev, 1981;Jordan,1984;Zappen,1983;Trawinski, 1989).

In theoreticalsciences,the problemis to �nd an adequateand explanatory

modelthataccountsfor theevidenceobtainedfrom observingtherealworld, whereas

in experimentalsciences,theproblemis to �nd evidencefor sometheoryabouthow the

world works.In engineering,artefactsaredesignedwhich ful�ll a certainprede�ned

function.Accordingly, whatcountsasanacceptablesolutionis disciplinespeci�c.

We describenow a simpleview of academicresearchacts.In this model,one

atomicresearchactis associatedwith exactlyonepaper. A situationSit0 is perceivedas

unsatisfactorybecauseproblemProb0 is associatedwith it. The�rst stepin theresearch

processis theformulationof aresearchgoalGoal0. ProblemProb0 is solved(or atleast

“addressed”) by applyinga solution Solu0 (a new methodology, or an experiment),

which leadsto a situationSit1. Whereasthe problemProb0 might or might not be

alreadyknown in the �eld, the solution Solu0 is alwaysassumedto be new (at the

least,theapplicationof thesolutionin thegivenproblemsituationis new). Evaluation

measureshow well the goal was achieved, i.e., how much the overall situationhas

improved,by implicitly or explicitly comparingsituationsSit0 andSit1. Theremightbe

remainingproblemsProb1 associatedwith Sit1 which arenot addressedin thecurrent

paper;they are the limitations of the approach. They are typically portrayedas less

severethantheproblemswhichmotivatedtheresearch(Prob0).

For theargumentationin thepaper, SituationSit0 needstobeportrayedasunde-

sirable;to improveSit0 is thecentralmotivationof thepaper. Alternatively, onecould

show that Sit1 is desirable;at the very least,situationSit1 shouldbe moredesirable

thansituationSit0, evenif only becausein Sit1 moreknowledgeis available.

With respectto knowledgeclaims, the solution is the single entity which is

mostproprietaryaboutoneproblem-solvingprocess;theauthorswantto beattributed

with it. To a lesserdegree,the researchgoal canalsobe consideredas the authors'

contribution. In some�elds, e.g.in complexity theory, theinventionof new problems

is itself a researchgoal which would justify the publicationof a paper. Suchmeta-

problemsdonot �t well with oursimpleproblem-solvingmodel.

Not only cantheownproblem-solvingprocessbedescribedby suchatomicre-
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searchacts.Theargumentationin a paperalsoinvolvesdescriptionsof otherpeople's

problem-solvingactivities.Thebackgroundof a problemcanbeintroducedas(possi-

bly successive)problem-solvingactions,includinggeneralproblemsin the�eld, gen-

eralsolutions,researchgoalsandevaluationmethodologies.Theproblemaddressedin

thepaper(Prob0) couldbeaspeci�c weaknessof prior solutionswhichhaveled to the

situationSit0, or it couldbea general,long-standingproblemin the�eld.

Theown solutioncanbeportrayedasbuilding onsomeotherproblem-solving

process:someothermethodologyor ideais takenasthebasisfor thereportedresearch

andappliedeitherwith or without changes.

Goal-0

Prob-0

Sit-0 Solu-0 Goal-1

Prob-1

Sit-1

Solu-2 Sit-2

Prob-2

Figure3.11:Rival Problem-SolvingProcesses

Figure 3.11 shows a situationwherethe own papersolution Solu0 solves a

knownproblemProb0, i.e. a problemto which someother researchershave already

presenteda solution Solu2. The problemsolving processpresentedby the other re-

searchersleadsto a differentsituationSit2. Sit2 is similar to Sit1, theonefavouredby

theauthors,in thatbothSit1 andSit2 arenotassociatedwith theoriginalproblemProb0

anymore,but they differ in someotherrespect.It is thetaskof theauthorsto motivate

thattheownsolutionis betterthantherivalsolution.For example,theremightbe(new)

problemsassociatedwith Solu2, or Solu2 might beinferior accordingto somedefault

criteria—solutionsaresupposedto beexplanatory, elegant,simple,andef�cient.

Statementsaboutown andotherproblemsolvingprocessesaboundin ourdata.

Figure3.12summarizesourmovesbasedonauthorstanceandproblem-solvingstate-

ments.Notethatmovesdescribingsomebodyelse's unsuccessfulproblemsolvingac-

tivity alsoexpresscontrastivestanceandcouldhavebeenclassi�edasbelongingto the

movesin �gure 3.9.

As the readerhasnow seenalmostall moveswe proposeandshouldhave an

ideaof theconstructionsthis thesisis interestedin, wewill turnto theimportantaspect

of howsuchstatementsaretypically expressedin scienti�c articles.
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22. SHOW: OWN SOLUTION SOLVES OWN PROBLEM

Thisaccountalsoexplainssimilar differencesin felicity for othercoordinatingconjunctions
asdiscussedin Kehler(1994a)[. . . ] (S-100,9405010)

23. SHOW: OWN SOLUTION IS NECESSARY TO ACHIEVE OWN GOAL

We havearguedthat obligationsplayan importantrole in accountingfor theinteractionsin
dialog. (S-217,9407011)

24. SHOW: OWN SOLUTION AVOIDS PROBLEM

Thispaperpresentsa treatmentof ellipsiswhich avoidsthesedif�culties, whilehavingessen-
tially thesamecoverageasDalrympleetal. (S-9,9502014)

25. SHOW: OTHER SOLUTION DOES NOT SOLVE PROBLEM

Computationalapproachesfail to accountfor thecancellationof pragmaticinferences:once
presuppositionsor implicaturesaregenerated,they canneverbecancelled.

(S-20,9504017)

26. SHOW: OTHER SOLUTION SOLVES PROBLEM

TheDirect Inversion Approach (DIA) of Minnenet al. (1995)overcomestheseproblemsby
makingthereorderingprocessmoregoal-directedanddevelopinga reformulationtechnique
thatallowsthesuccessfultreatmentof ruleswhich exhibit head-recursion. (S-15,9502005)

27. SHOW: OTHER SOLUTION INTRODUCES NEW PROBLEM

Speci�cally, if a treatmentsuch asHinrichs's is usedto explain the forward progressionof
timein example	 CREF/
 , thenit mustbeexplainedwhysentence	 CREF/
 isasfelicitous
assentence	 CREF/
 . (S-12,9405002)

28. SHOW: OWN SOLUTION IS BETTER THAN OTHER SOLUTION

We foundthat theMDL-basedmethodperformsbetterthantheMLE-basedmethod.
(S-11,9605014)

29. SHOW: OWN GOAL/PROBLEM IS HARDER THAN OTHER GOAL/PROBLEM

[ ����� ] disambiguatingword sensesto the level of �ne-grainednessfound in WordNet
is quitea bit moredif�cult than disambiguationto the level of homographs(Hearst 1991;
Cowieet al. 1992). (S-147,9511006)

Figure3.12:MovesBasedon Problem-SolvingStatements

3.2.5.Scienti�c Meta-Discourse

In section3.2.3 we hypothesizedthat there are super�cially recognizablecorrela-

tionsof boundariesof zonesof intellectualattribution,e.g.expressionslike“Chomsky

claimsthat” . We believe thatmeta-discourseis oneof themostuniversallyapplicable

structuremarkersin scienti�c text.

Meta-discourse,commonlyde�nedasdiscourseaboutdiscourse, is anamefor
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Category Function Examples

Textualmeta-discourse

Logical connectives express semantic relation be-
tweenmainclauses

in addition; but; therefore;
thus

Framemarkers refer to discourseacts or text
stages

to repeat;ouraimhere; �nally

Endophoricmarkers refer to information in other
partsof thetext

notedabove; seeFig 1; below

Evidentials refer to source of information
from othertexts

according to X; Y (1990)

Codeglosses help readersgraspmeaningsof
ideationalmaterial

namely;eg; in otherwords

Interpersonalmeta-discourse

Hedges withhold author's full commit-
mentto statements

might;perhaps;it is possible

Emphatics emphasizeforceor author's cer-
tainty in message

in fact; de�nitely; it is clear;
obvious

Attitudemarkers express author's attitude to
propositionalcontent

surprisingly;I agree;X claims

Relationalmarkers explicitly refer to or build rela-
tionshipwith reader

frankly;notethat; youcansee

Personmarkers explicit referenceto author(s) I; we;my;mine;our

Figure3.13:Hyland's (1998)Categoriesof Meta-Discourse

all thosestatementswhichful�ll otherfunctionsbut to convey purepropositionalcon-

tents(the “science”in the paper).Meta-discourseis a pragmaticconstructby which

writerssignaltheircommunicativeintentions(Hyland,1998;Swales,1990).It is ubiq-

uitousin scienti�c writing: Hyland(1998)founda meta-discoursephraseon average

after every 15 words in running text, hedgesbeing the most frequenttype of meta-

discoursein his texts.His classi�cationof meta-discourseis givenin �gure 3.13.

Someof Hyland's categories(Attitude markers,Personmarkers,Evidentials,

EndophoricsandFrameMarkers)seemimmediatelyrelevant to theeffectsdiscussed

in this chapter. Anothersetof meta-discoursewhich we areparticularlyinterestedin

are meta-statementsabout the own research.Much of that type of scienti�c meta-

discourseis conventionalized,particularly in experimentalsciences,andparticularly

in the methodologyor resultsection;linguistically, thereis not muchvariation(e.g.

“wepresentoriginal work.. . ”, or “An ANOVA analysisrevealeda marginal interac-
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tion/a maineffectof.. . ” ). Suchformulaicexpressionsoccurlessoften in thediscus-

sionsectionandtheintroductionwherethereis moreroomfor personalstyle.Swales

(1990)listsmany such�x edphrasesasco-occurringwith themovesof hisCARS model

(p.144;pp.154–158;pp.160–161).Anothertypeof meta-discoursepointsto thecurrent

researchprocess(“ in thispaper”, “here”), expressesaffect(“unfortunately”) orknowl-

edgestates(“ to thebestof our knowledge”; “it haslongbeenknown”).

It is well-known thatdifferentdisciplinesusedifferentmeta-discourse.Hyland

(1998)arguesthatmeta-discoursevariationbetweenscienti�c communitiescanbeat-

tributedto thefactthatmeta-discoursehasto follow thenormsandexpectationsof par-

ticularculturalandprofessionalcommunities—scienti�ccommunitiesimposelinguis-

tic standardizationpressures.He found signi�cant differencesin meta-discourseuse

acrossdisciplines(Microbiology, Marketing,AstrophysicsandApplied Linguistics),

thoughthearticlesdisplayeda remarkablesimilarity in thedensityof meta-discourse.

MarketingandAppliedLinguisticspapersusedfarmoreinterpersonalmeta-discourse

thanthosein Biology andAstrophysics,which,on theotherhand,usefarmoretextual

meta-discourse.Dueto theparticularitiesof our datawe expectmeta-discoursein our

corpusto bevaried.

And even within one discipline, there is a large classof expressionswhich

expresssimilar, prototypicalmoves,even thoughthe resultingsentencesdo not look

similaronthesurface.Thisis particularlythecasefor statementsreferringto aspectsof

theproblem-solvingprocessor to theauthor's stancetowardsotherwork: expressions

of contrastto otherresearchersandfor statementsof researchcontinuation.Figure3.14

shows that therearemany waysto expressthefact thatonepieceof work is basedon

somepreviousotherwork.

Thesurfaceformsof thesesentencesarevery differentdespitethesimilar se-

manticsthey express:in somesentencesthesyntacticsubjectis amethod,in othersit is

theauthors,andin otherstheoriginatorsof thebased-uponidea.Also, theverbsused

areverydifferent.Thiswide rangeof linguisticexpressionpresentsa realchallenge—

laterpartsof thisthesiswill beconcernedwith �nding amethodfor recognizingalarge

subsetof suchvariablemeta-discourse(cf. section5.2.2).

After thisbrief look at thesyntacticvariability of themoves,wenow returnto

ourmodelof overall strategy of argumentation.
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� Thus,webaseour modelon thework of Clark andWilkes-Gibbs(1986),andHeemanand
Hirst (1992)who both modeled(the �r st psychologically, and the secondcomputationally)
howpeoplecollaborateon referenceto objectsfor which they havemutualknowledge.

(S-15,9405013)

� Thestartingpoint for thiswork was Scha and Polanyi's discourse grammar (Scha and
Polanyi1988;Pruestetal. 1994). (S-4,9502018)

� Weusetheframework for the allocation and transferof control of Whittaker and Stenton
(1988). (S-36,9504007)

� FollowingLaur (1993), weconsidersimpleprepositions(like “in”) aswell asprepositional
phrases(like “in frontof”). (S-48,9503007)

� Our lexiconis basedon a �nite-statetransducerlexicon(Karttunenet al. 1992).
(S-2,9503004)

� Insteadof feature basedsyntaxtreesand�r st-order logical formswewill adopta simpler,
monostratal representationthat is morecloselyrelatedto thosefoundin dependencygram-
mars (e.g. Hudson(1984)). (S-116,9408014)

� Thecenteringalgorithmasde�nedbyBrennanetal. (BNFalgorithm),is derivedfroma set
of rulesandconstraintsput forth by Groszetal. (Groszet al. 1983;Groszetal. 1986).

(S-56,9410006)

� WeemploySuzuki's algorithmto learncaseframepatternsasdendroid distributions.
(S-23,9605013)

� Our methodcombinessimilarity-basedestimateswith Katz's back-off scheme, which is
widelyusedfor language modelingin speech recognition. (S-151,9405001)

Figure3.14:Variability of StatementsExpressingResearchContinuation

3.2.6.Strategiesof Scienti�c Ar gumentation

Scienti�c articlesarebiasedreports;theargumentationfollows theinterestof theau-

thor. Indeed,we seethewholepaperasonerhetoricalact,asMyers(1992)does.The

high level communicative goal in a paper, apartfrom conveying a message,is to per-

suadethescienti�c communityof therelevance,reliability, quality andimportanceof

thework (Swales,1990;Kircz, 1998).Thereareparallelsto politenesstheory(Brown

andC., 1987),wherethecommoditythat is tradedis “f ace”; in the caseof scienti�c

writing, thecommodityis “credibility”.

Therearesome“high level” moveswhich areessentialfor the overall argu-

mentation:Oneneedsto show thattheresearchprocessis successful,i.e. thatthetotal

knowledgeavailableto thecommunitymusthave increased.Themostimportantones
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SHOW: OWN RESEARCH IS VALID CONTRIBUTION TO SCIENCE

SHOW: RESEARCH IS JUSTIFIED

SHOW: AUTHORS ARE KNOWLEDGEABLE

SHOW: OTHER RESEARCHERS HAVE TRIED TO SOLVE THE PROBLEM

SHOW: OWN SOLUTION PROCESS IS NEW

SHOW: NOBODY HAS USED SAME SOLUTION FOR SAME PROBLEM BEFORE

30. SHOW: OWN GOAL/PROBLEM IS NEW

[ 
�
�
 ] andto myknowledge, nopreviousworkhasproposedanyprinciplesfor whento include
optionalinformation[ 
�
�
 ] (S-9,9503018)

31. SHOW: OWN SOLUTION IS ADVANTAGEOUS

Thesubstitutionaltreatmentof ellipsispresentedhere[ 
�
�
 ] hasthecomputationaladvantages
of [ 
�
�
 ] (S-210,9502014)

Figure3.15:MovesBasedonHigher-Level Intentions

of thesemovesaregivenin �gure 3.15.

The �rst six moves in �gure 3.15 are not numberedand containno corpus

example.The reasonfor this is that thesemovesarenot typically madeexplicit; in-

stead,the readeris left to inducethem.The last two high-level moves,however, do

occurexplicitly, makingour setof 31 argumentative movescomplete(summarizedin

�gure 3.16).

Relationsbetweenthemovesareshown in �gure 3.17.Thetreerelationmeans

“Is A Sub-Move Of”. An argumentationstrategy might beasfollows: Onemight say

thattheown problemis hard,thenintroducetheown solution,arguethat it solvesthe

problem,arguethat this solutionis betterthansomebodyelse's solutionor statethe

factthattheproblemhasneverbeenaddressedbefore.

Not all of thesemoveshaveto occurin ascienti�c articlefor theargumentation

to besuccessfulor complete.For example,theproblemaddressed(Prob0) canbenew

to the�eld; this canbestatedexplicitly (30).Additionally, onecanshown thatsimilar

problemsaddressedbeforearedifferentfrom the givenone.This would additionally

ful�ll the function of showing that the authorsareknowledgeablein their �eld. But

problemsneednot be new; they might have beenaddressedby othersbefore(cf. the
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I. MovesborrowedfromSwales

1. DESCRIBE: GENERAL GOAL

2. SHOW: OWN GOAL/PROBLEM IS IMPORTANT/INTERESTING

3. SHOW: SOLUTION TO OWN PROBLEM IS DESIRABLE

4. SHOW: OWN GOAL/PROBLEM IS HARD

5. DESCRIBE: GENERAL PROBLEM

6. DESCRIBE: GENERAL CONCLUSION/CLAIM

7. DESCRIBE: OTHER CONCLUSION/CLAIM

8. DESCRIBE: OWN GOAL/PROBLEM

9. DESCRIBE: OWN CONCLUSION/CLAIM

10. DESCRIBE: ARTICLE STRUCTURE

11. PREVIEW: SECTION CONTENTS

12. SUMMARIZE: SECTION CONTENTS

II. Movesde�nedbyauthorstance

13. SHOW: OTHER SOLUTION IS FLAWED

14. SHOW: OWN SOLUTION IS DIFFERENT FROM OTHER SOLUTION

15. SHOW: OWN GOAL/PROBLEM IS DIFFERENT FROM OTHER GOAL/PROBLEM

16. SHOW: OWN CLAIM IS DIFFERENT FROM OTHER CLAIM

17. SHOW: OTHER SOLUTION IS ADVANTAGEOUS

18. STATE: OTHER SOLUTION PROVIDES BASIS FOR OWN SOLUTION

III. Movesde�nedbyattributionof ownership

19. DESCRIBE: GENERAL SOLUTION

20. DESCRIBE: OTHER SOLUTION

21. DESCRIBE: OWN SOLUTION

IV. Movesde�nedbyproblemsolvingstatements

22. SHOW: OWN SOLUTION SOLVES OWN PROBLEM

23. SHOW: OWN SOLUTION IS NECESSARY TO ACHIEVE OWN GOAL

24. SHOW: OWN SOLUTION AVOIDS PROBLEMS

25. SHOW: OTHER SOLUTION DOES NOT SOLVE PROBLEM /DOES NOT ACHIEVE GOAL

26. SHOW: OTHER SOLUTION SOLVES PROBLEM

27. SHOW: OTHER SOLUTION INTRODUCES NEW PROBLEM

28. SHOW: OWN SOLUTION IS BETTER THAN OTHER SOLUTION

29. SHOW: OWN GOAL/PROBLEM IS HARDER THAN OTHER GOAL/PROBLEM

V. High levelmoves

30. SHOW: OWN GOAL/PROBLEM IS NEW

31. SHOW: OWN SOLUTION IS ADVANTAGEOUS

Figure3.16:List of ArgumentativeMoves
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Give Information about

not Solve
Solution does

for Own Solution

is Harder than
Other Goal/Problem

to Achieve

29. Show: OwnSolution

Problem is Different
from Other Goal/Problem

is Necessary
Own Solution
23. Show:

Problem
Solution Avoids
24. Show: Own

Section Contents
12. Summarize: 

Section Contents
11. Preview: 

Own Goal/Problem

Article Structure

Interesting

else

1. Describe:

Section Structure

Problem

General Goal

Conclusion

Goal/Problem

is Advantageous
Own Problem

is New

Own Goal

26: Show: Other Solution

Claim

Solves Problem

Solution

10. Describe:

is Different from

25. Show: Other

15. Show: Own Goal/

Show: Own Research is Valid 

are Knowledgeable

Solution or

General Problem

Solution Process is New

Show: Nobody has Used
Same Solution for
Same Problem Before

Show: Other

22. Show: Own
Solution Solves

5. Describe:

27. Show: Other

14/16. Show: Own
Solution/Claim

Show: Own

Other Solution/Claim

20. Describe:
Other (Similar)

to Solve the Problem

28. Show: 
Own Solution 
is Better than

if Problem 

30. Show: Own

is Important/

31. Show: Own Solution 

Other or General

Own Goal/

Contribution to Science

Problem is Hard
4. Show: Own Goal/

Background

Researchers have tried

is Justified

is Desirable
3. Show: Solution

2. Show:

Goal

8. Describe:
9/21. Describe:

20. Describe:
Other
Solution

18. State: Other
Solution Provides Basis

Own Solution/

Describe: General

17. Show: Other
Solution
is Advantageous

is Well-known

Goal/Problem 

Show: Research

Introduces
New Problem

Show: Authors

Other Solution

13. Show: Other

Rhetorical Act:
Scientific Research Paper

6/7/19/20. Describe:

if Solution
is Borrowed

Solution
is Flawed

F
igure
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situationin �gure 3.11,wherea rival solutionwassuggested).In thatcase,oneneeds

to show that theown solutionis better(28) or that theothersolutionis �a wed(25 or

27).

All of themovescoveratextualspanat leastaslongasasentence,andin some

casesthey cover muchlarger textual spans.Somemoves—particularlythe movesof

typeSHOW—canbeexplicitly statedin onesinglesentence,but many movestypically

spanlongersegments,for examplethemovesof type DESCRIBE, which detail prob-

lems,solutionsandgoalsin a neutralway andwhosepurposeis informative rather

thanrhetorical.Weconsiderthewholemoveasoneunit for ourpurposes,disregarding

possibleinternalmovestructure.

Somemovesin the diagramtendto occurwith othermoves,e.g.,movesde-

scribingotherwork (6, 7, 19 or 20) co-occurwith statementsaboutthe role of this

otherwork for thecurrentwork (critical stancein moves13,25,27;contrastivestance

in moves14,15,16,29; positivestancein moves17,18,26).Relationsof suchkinds

betweenmovesarenotshown in thediagram.

Movessometimesservemorethanonecommunicativeandargumentativepur-

poseat once.Themove OTHER RESEARCHERS HAVE TRIED TO SOLVE THE PROB-

LEM describesthe history of the problem,provides backgroundknowledge,proves

thattheauthorsknow theliteraturein the�eld, andit showsthattheproblemis indeed

justi�ed andthatasolutionis desirable.

3.3. An Annotation Schemefor Ar gumentativeZones

In theprevioussection,we have introduceda rathercomplex modelof discourseand

argumentative effects in scienti�c text. We believe that our implicit claim—thatthe

modelexplainsour dataadequately—shouldbe substantiatedby demonstratingthat

otherhumanscanapplytheaccountconsistentlyto actualtexts.In thissection,wewill

operationalizeourmodelby de�ning apracticalannotationbasedon it.

In general,designingan annotationschemehasmany pitfalls. Onewantsthe

annotationschemeto bea) predictive andinformative,so that it will prove usefulfor

anendtaskandb) intuitive,or at leastlearnable,suchthatit canbeappliedconsistently

by differentannotatorsandover time. If anannotationschemeis simpleandintuitive

andthetaskwell-described,it will resultin highconsistency, but thereis adangerthat

theinformationcontainedin it mightnotbeinformativeenoughfor thegiventask.On
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the otherhand,if the categoriesareinformative their de�nition is necessarilyvague,

leaving a lot of leeway for subjective interpretation.In this case,it is likely that dif-

ferentannotatorswill disagreein their judgements.Theprocessof �nding a workable

annotationschemeis thusa tight ropeactbetweenthecon�icting requirementsof in-

formativenessandconsistency. Thissectionreportsonourquestfor agoodannotation

scheme,andshows why two predecessorsof the �nal annotationschemefall shortof

therequirements.

The �rst annotationscheme(Teufel,1998)contains23 categoriesde�ned di-

rectly by argumentative moves,similar to thosein �gure 3.16.Sucha schemebased

onmovesis veryinformativeandencodesvaluableinformationfor subsequentfactex-

tractionfrom thesentences.For example,asentenceof type“SHOW: OWN SOLUTION

IS ADVANTAGEOUS” containsbotha mentionof theown solutionanda statementof

the advantageof the own solution,a fact which could be exploited for information

extractionfrom suchasentence.

Weusedtwo unrelatedannotatorsin thede�nition phase.As is typicalfor high-

level, information-richclassi�cation tasks,the annotationschemehadto be changed

repeatedlyduring this time. Settlingon anexhaustive list of moveswhich annotators

agreedonprovedverydif�cult. Wewereconstantlytemptedto addmoremovesfor sit-

uationswhereagivensentencesdoesnotquitefall into thesemanticsalreadyde�ned.

Oncetheschemementionedabove (23 categories)hademerged,we wroteguidelines

detailingcriteriafor eachmove.

After the de�nition phase,we ran a pilot studywith our two, by now, task-

trainedannotators.This experimentrevealedthat the schemewasnot reliable.Even

repeatedchangesto theannotationschemeat this latestagedid not improveagreement

signi�cantly. Within themind of oneannotator, privateunderstandingsof thesecate-

goriesmaywell beratherconsistent—weannotated10 randomlysampled,previously

annotatedpapersagainafter4 weeksandachievedreasonableagreementwith thepre-

viousannotation(theconceptof stabilitywill beintroducedin section4.2).However, if

theseunderstandingscannotbecommunicatedto others,somethingis wrongwith the

scheme.Low agreementbetweendifferentannotators(reproducibility; detailedin sec-

tion 4.2) �nally convincedusthata �x ed,exhaustive list of suchhigh-level categories

at thispragmaticlevel is notuniversalenoughto trainannotators.

In orderto make the next schemeeasierandmoreobjective, we reducedthe

numberof categoriesandsimpli�ed their de�nitions, while trying to retainasmuch

of theinformationaspossiblefor ourtask.Oursecondattemptatanannotationscheme
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B BACKGROUND

T TOPIC

W RELATED WORK

P PURPOSE/PROBLEM

S SOLUTION/METHOD

R RESULT

C CONCLUSION/CLAIM

Figure3.18:AnnotationSchemeBasedon FunctionalAbstractUnits

(�gure 3.18)consistedof justsevencategories(TeufelandMoens,1998,1999a),which

aresimilar to the functionalunits well-known from summarizingguidelines(cf. sec-

tion 2.3.1.2).

Again, we achieved respectablestability whenre-annotatingpartsof the cor-

pus.This is a goodsign,but we neverthelessnoticedfundamentalproblemswith the

typeof annotation.It provedextremelydif�cult to associatetextualunitsasbig assen-

tences(i.e. propositionalcontents)with categorieswhich describehigh-level concepts

(i.e. nominalphrases).An additional,orthogonalproblemwasthefact thatsomehigh

level entitiessuchasPURPOSE/PROBLEM andSOLUTION canbe dif�cult to distin-

guishin real-world text. To giveanexample,we werenot sureabouttheright annota-

tion for thefollowing sentence:

We thenshowhowdifferent classesof pragmaticinferencescanbecaptured
using this formalism,and how our algorithm computesthe expectedresults
for a representativeclassof pragmaticinferences. (S-29,9504017)

Is thesentenceto becountedasTOPIC, because“pragmaticinferences” arethe

TOPIC of thepaper?Or is it ratherthecasethat “capturing differentclassesof prag-

matic inferences” is the PROBLEM /PURPOSE? Or shouldthis sentencebe classi�ed

asSOLUTION, asthephrase“our algorithmcomputestheexpectedresults” couldbe

interpretedasahigh level descriptionof theapproachused?

Allowing for multipleannotationseemedto amelioratetheproblems,but it lead

to somany multiply annotatedsentencesthatwe starteddoubtingtheinformativeness

containedin thisannotation.Weredesignedtheschemeradically, resultingin thethird

and�nal annotationscheme(�gure 3.19).



3.3. An AnnotationSchemefor ArgumentativeZones 109

A simplerversionof thescheme(the“basicscheme”)encodesonly intellectual

ownership(�gure 3.20).Pilot studieswith our annotatorswith both schemesshowed

that they were much more comfortableand accuratewhen applying theseschemes

to real texts. Thesearethe schemeswe will usefor the extensive humanannotation

experimentsreportedin chapter4 (Teufelet al., 1999),andfor theprototypicalimple-

mentationreportedin chapter5 (TeufelandMoens,1999b).

BACKGROUND Generallyacceptedbackgroundknowledge

OTHER Speci�c otherwork

OWN Own work: method,results,futurework.. .

AIM Speci�c researchgoal

TEXTUAL Textualsectionstructure

CONTRAST Contrast,comparison,weaknessof othersolution

BASIS Otherwork providesbasisfor own work

Figure3.19:Final Annotationscheme—FullVersion

BACKGROUND Generallyacceptedbackgroundknowledge

OTHER Speci�c otherwork

OWN Ownwork: method,results,futurework.. .

Figure3.20:Final AnnotationScheme—BasicVersion

As with theotherannotationschemes,thecategoriesareto bereadasmutually

exclusive labels,oneof which is attributedto eachsentence.Eachcategory is associ-

atedwith acolourto makehumanannotationmoremnemonic.

We call thecategorieswhich occuronly in thefull schemebut not in thebasic

schemenon-basiccategories(i.e.A IM , CONTRAST, TEXTUAL andBASIS). Theseven
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or comparison of the own work to it?
of the other work, or a contrast
Does it describe a negative aspect

or support for own work?

Does this sentence mention
the other work as basis of 

OTHER

of the same author)?

Does this sentence refer to own  
work (excluding previous work 

BACKGROUND

CONTRAST

YES NO

YES NO

NOYES

YES NO

YES

BASIS

NO

NOYES

AIM

TEXTUAL OWN

background, including phenomena
Does the sentence describe general

to be explained or linguistic example sentences?
that describes the specific aim
Does this sentence contain material

of the paper?

reference to the external
structure of the paper?

Does this sentence make

1

2

3

4

5

6

Figure3.21:DecisionTreefor Full AnnotationScheme

categoriesof the full annotationschemeare closely relatedto the different aspects

of our model(Swales' categories,authorstance,intellectualownership,andproblem-

solvingstatements).Thesemanticsof our schemeis bestexplainedwith thedecision

treein �gure 3.21,basedon six yes/noquestions.

Question1 focuseson attribution of ownership,distinguishingbetweenstate-

mentswhich describethe authors'own new contributionsand thosewhich describe

researchoutsidethegivenpaper, includingtheauthors'own previouswork, generally

acceptedstatementsandstatementswhichareattributedto other, speci�c researchers.

Onceannotatorsdecidethatthestatementdescribesown work, Question2 de-

terminesA IM sentences.Suchsentencesdescribethe researchgoal addressedin the

paper. The mostexplicit type of A IM sentencesis provided by move 8 (DESCRIBE

OWN GOAL /PROBLEM in �gure 3.16).But dependenton the annotators'intuitions,

othermovescanin principlebe A IM sentencestoo,e.g.moves2, 3, 4, 22, 23, 24, 30

and31.

Question3 singlesout TEXTUAL sentences,i.e. thosegiving explicit infor-

mationaboutsectionstructure.This correspondsto moves10, 11 and12. All other

statementsaboutown work, in particularmove21,but alsoall movesnotdeemedA IM

sentences,receive thelabelOWN.

Question4 distinguishesbetweenBACKGROUND material(i.e. generallyac-
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ceptedstatements;move 1, 5, 6 and 19) and more speci�cally characterizedother

work. If theannotatorshavedecidedthatthesentencedescribesspeci�c work, thenthe

last two questionsconcentrateon authorstance.Question5 checksif the otherwork

is presentedcritically or asproblem-wrought(asin moves13, 25, 27), contrastively

(moves14, 15 and16), or asinferior to the own solution(moves28 and29); in that

case,thesentenceis assignedto category CONTRAST. Otherwise,Question6 assigns

thecategoryBASIS to statementsof researchcontinuation(move18).Explicit positive

statementsaboutotherwork (i.e.moves17and26)canalsobeassignedto BASIS. Neu-

tral descriptionsof otherwork getassignedthecategory OTHER. Detailsanddecision

criteriaonhow to answerthequestionsaregivenin theguidelines(cf. appendixC.2).

The relation betweenthe categoriesand the moves is complex: it is not the

casethat thecategoriesaresuper-classesof themoves.Instead,many movescanend

upasdifferentzones,dependingonthequestionif thereweremoreappropriatemoves

to act asargumentative categories.For example,move 3. SHOW: SOLUTION IS DE-

SIRABLE couldbeannotatedasA IM in theabsenceof a move 7; otherwise,it would

moreappropriatelybeannotatedasOWN. Rather, thesevencategoriesshouldbeseen

asa workablecompromisebetweensimplicity andinformativenessfor our document

retrieval task.

Thetaskis de�ned asclassi�cation,but it canalsobeseenasa segmentation

task.Becausethekind of annotationweenvisageincludescontiguous,non-overlapping

andnon-hierarchicalsequences,we refer to thesegmentsof sentenceswith thesame

category as zones. We then call the processof annotationwith our argumentative

schemeArgumentativeZoning. To give an illustration of the task of Argumentative

Zoning,�gures 3.22and3.23show the�rst pageof our examplepaper, annotatedby

uswith bothversionsof theannotationscheme.Morehumanexampleannotationscan

befoundin theguidelinesin theappendix(p. 310,311,327and328).
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similar verbs. This requires a reasonable definition of verb

bed here we look at how to derive the classes directly from 

number of event occurrences in the corpus, so many events

by a grammar.

perspectives. From the practical point of view, word 
both from psychological and computational  learning

themselves. While it may be worthwhile to base such a model 
on preexisting sense classes (Resnik, 1992), in the work descri-

ations between these hidden units. 
and appropriate hidden units (cluster controids) and associ-

Methods for automatically classifying words according to
their contexts of use have both scientific and practial inte-
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition 

classification addresses questions of data sparseness and
generalization in statistical language models, particularly
models for deciding among alternative analyses proposed 

      It is well known that a simple tabulation of frequencies
of certain words participating in  certain configurations, for
example the frequencies of pairs of transitive main verb 
and the head of its direct object, cannot be reliably used 
for comparing the likelihoods of different alternative confi-

     Hindle (1990) proposed dealing with the sparseness 

gurations. The problem is that in large enough corpora, the
number of possible joint events is much larger  than the

reliable estimates of their probabilties. 
are seen rarely or never, making their frequency counts un-

problem by estimating the likelihood of unseen events from
that of "similar" events that have been seen. For instance,  
one may estimate the likelihood of a particular direct ob-
ject for a verb from the likelihoods of that direct object for 

Problem Setting

similarity and a similarity estimation method. In Hindle's
proposal, words are similar if we have strong statistical
evidence that they tend to participate in the same events.
His notion of similarity seems to agree with our intuitions 
in many cases, but it is not clear how it can be used direct-
ly to construct classes and corresponding models of associ-
ation.

      Our research addresses some of the same questions and
uses similar raw data, but we investigate how to factor word
association tendencies into associations of  words to certain 
hidden senses classes and associations between the classes 

<EQN/> and <EQN/>, for the verbs and nouns in our exper-

is required to collect such a collection of pairs. The corpus

terms of associations between elements in each coordinate

distributional data. More specifically, we model senses as 
probabilistic concepts or clusters c with corresponding cluster

other class-based modeling techniques for natural language
rely instead on "hard" Boolean classes (Brown et al., 1990). 
Class construction is then combinatorically very demanding
and depends on frequency counts for joint events involving
particular words, a potentially unreliable source of inform-
ation, as we noted above. Our approach avoids both problems. 

In what follows, we will consider two major word classes, 

membership probabilities <EQN/> for each word w. Most

used in our first experiment was derived from newswire text

iments, and a single relation between a transitive main verb
and the head noun of its direct object. Our raw knowledge 
about the relation consists of the frequencies <EQN/> of
occurrence of particular pairs <EQN/> in the required con-
figuration in a training corpus. Some form of text analysis

on tagged corpora (Yarowsky, p.c.). We  have not yet

we took care to filter out certain systematic errors, for in-

automatically parsed by Hindle's parser Fidditch (Hindle, 
1993). More recently, we have constructed similar tables
with the help of a statistical part-of-speech tagger (Church,
1988) and of tools for regular expression pattern matching

use of clustering to build models for any n-ary relation in 

compared the accuracy and coverage of the two methods, 
or what systematic biases they might introduce, although

stance the misparsing of the subject of a complement clause
as the direct object of a main verb for report verbs like "say". 
            We will consider here only the problem of classi-
fying nouns according to their distribution as direct objects
of verbs; the converse problem is formally similar. More 
generally, the theoretical basis for our method supports the

basis for class models of word occurrence, and the 

become unstable and subdivide, yielding a hierarchical 

Distributional Clustering of English Words

models evaluated with respect to held-out data. 

"soft" clustering of the data. Clusters are used as the  

Introduction

Fernando Pereira               Naftali Tishby             Lillian Lee

Abstract

bution in particular syntactic contexts. Deterministic 


As the annealing parameter increases, existing clusters 
annealing is used to find lowest distortion sets of clusters. 

automatically clustering words according to their distri-
We describe and experimentally evaluate a method for


BACKGROUND OTHER OWN

Figure3.22:First Pageof ExamplePaper, Annotatedwith BasicAnnotationScheme
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number of possible joint events is much larger  than the

figuration in a training corpus. Some form of text analysis

number of event occurrences in the corpus, so many events

by a grammar.

perspectives. From the practical point of view, word 
both from psychological and computational learning

occurrence of particular pairs <EQN/> in the required con-

membership probabilities <EQN/> for each word w. Most

ation, as we noted above. Our approach avoids both problems. 
particular words, a potentially unreliable source of inform-Methods for automatically classifying words according to

their contexts of use have both scientific and practial inte-
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition 

classification addresses questions of data sparseness and
generalization in statistical language models, particularly
models for deciding among alternative analyses proposed 

      It is well known that a simple tabulation of frequencies
of certain words participating in  certain configurations, for
example the frequencies of pairs of transitive main verb 
and the head of its direct object, cannot be reliably used 
for comparing the likelihoods of different alternative confi-

     Hindle (1990) proposed dealing with the sparseness 

gurations. The problem is that in large enough corpora, the

is required to collect such a collection of pairs. The corpus

reliable estimates of their probabilties. 
are seen rarely or never, making their frequency counts un-

problem by estimating the likelihood of unseen events from
that of "similar" events that have been seen. For instance,  
one may estimate the likelihood of a particular direct ob-
ject for a verb from the likelihoods of that direct object for 
similar verbs. This requires a reasonable definition of verb
similarity and a similarity estimation method. In Hindle's
proposal, words are similar if we have strong statistical
evidence that they tend to participate in the same events.
His notion of similarity seems to agree with our intuitions 
in many cases, but it is not clear how it can be used direct-
ly to construct classes and corresponding models of associ-
ation.

In what follows, we will consider two major word classes, 
<EQN/> and <EQN/>, for the verbs and nouns in our exper-
iments, and a single relation between a transitive main verb
and the head noun of its direct object. Our raw knowledge 
about the relation consists of the frequencies <EQN/> of

compared the accuracy and coverage of the two methods, 

terms of associations between elements in each coordinate
and appropriate hidden units (cluster controids) and associ-

used in our first experiment was derived from newswire text
automatically parsed by Hindle's parser Fidditch (Hindle, 
1993). More recently, we have constructed similar tables
with the help of a statistical part-of-speech tagger (Church,
1988) and of tools for regular expression pattern matching
on tagged corpora (Yarowsky, p.c.). We  have not yet

ations between these hidden units. 

or what systematic biases they might introduce, although
we took care to filter out certain systematic errors, for in-
stance the misparsing of the subject of a complement clause
as the direct object of a main verb for report verbs like "say". 
            We will consider here only the problem of classi-
fying nouns according to their distribution as direct objects
of verbs; the converse problem is formally similar. More 
generally, the theoretical basis for our method supports the
use of clustering to build models for any n-ary relation in 

      Our research addresses some of the same questions and

themselves. While it may be worthwhile to base such a model 

and depends on frequency counts for joint events involving
Class construction is then combinatorically very demanding

Problem Setting

uses similar raw data, but we investigate how to factor word
association tendencies into associations of  words to certain 
hidden senses classes and associations between the classes 

on preexisting sense classes (Resnik, 1992), in the work descri-
bed here we look at how to derive the classes directly from 
distributional data. More specifically, we model senses as 
probabilistic concepts or clusters c with corresponding cluster

other class-based modeling techniques for natural language
rely instead on "hard" Boolean classes (Brown et al., 1990). 

Abstract

"soft" clustering of the data. Clusters are used as the  

Introduction

become unstable and subdivide, yielding a hierarchical 

Distributional Clustering of English Words

models evaluated with respect to held-out data. 
basis for class models of word occurrence, and the 

Fernando Pereira               Naftali Tishby             Lillian Lee

bution in particular syntactic contexts. Deterministic 


As the annealing parameter increases, existing clusters 
annealing is used to find lowest distortion sets of clusters. 

automatically clustering words according to their distri-
We describe and experimentally evaluate a method for


BACKGROUND OTHER OWN AIM CONTRAST BASIS TEXTUAL

Figure3.23:First Pageof ExamplePaper, Annotatedwith Full AnnotationScheme
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3.4. Ar gumentativeZonesand RDP Slots

In this thesis,we originally setout to generateRDPs.Thesemanticsof theindividual

argumentative zonesareobviously very closeto RDP slots,but argumentative zones

andRDPslotsarenot thesame.Wewill now discusstherelationbetweenthetwo.

Argumentativezonescanbeseenasproviding thematerialof text whichmight

go into the RDP slots.In a subsequentprocessingstepnot treatedin this thesis,full

RDPscould be createdfrom the informationcontainedin argumentative zones.The

RDPpresentedin section2.3.2wasmanuallycreatedbasedonanannotatedversionof

theexamplepaper, obtainedin theannotationexerciseto bedescribedin chapter4.

Someof the zones,the non-basiccategories,areshortandcontainimportant

information;they canthereforeactasdirectslot �ller swithout requiringmuchfurther

work. A IM zones,for example,constitutea goodcharacterizationof theentirepaper,

which is typically only onesentencelong.They arethusalreadyextremelyusefulfor

thegenerationof abstracts.

But BACKGROUND, OTHER andOWN arelongerzones,whichshouldbeseen

assearchgroundfor laterprocesses.For example,assimplesentenceextractiondoes

not take thecontext of a sentenceinto account,a selectedsentencemight turn out to

be describingother people's work. This is a grave error, particularly if the sentence

expressesastatementwhichtheauthorsreject.By searchingandextractingfrom argu-

mentatively zonedarticles,wherezonessuchasOWN andOTHER aredistinguished,

thiserrorshouldbeeliminated.

Thereis anothertaskwhich argumentative zonesas searchgroundis useful

for. This taskis theassociationof identi�ers of otherwork (formal citations,namesof

researchers,namesof solutions)with thestatementthatexpressestheauthor's stance

towardsthework.

This taskis neededin orderto generateRDPsfrom argumentative zones.Our

approachhasa more concisede�nition of citation context (cf. O'Connor's (1982)

work) than previous approaches.Citation mapsdisplay only one sentence,namely

the sentencewhich expressesthe evaluative statement.In contrast,Lawrenceet al.'s

(1999)CiteSeer(which displayscontexts in a text extract fashion,cf. theexampleon

p. 34),andNanbaandOkumura's(1999)tool operatewith amuchlarger citationcon-

text. ConsiderNanbaandOkumura's exampleof a contrastive citationcontext (taken

from p. 927):
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1 In addition,whenJapaneseis translatedinto English,theselectionof appro-
priatedeterminersis problematic.
2 Varioussolutionsto theproblemsof generatingarticlesandpossessive pro-
nounsanddeterminingcountabilityandnumberhavebeenproposed[Murata
and Nagao,1993].
3 The differencebetweenthe way numericalexpressionsare realized in
JapaneseandEnglishhasbeenlessstudied.
4 In this paperwe proposean analysisof classi�ers basedon propertiesin
bothJapaneseandEnglish.
5 Our category of classi�er includesbothJapanesejosushi`numericalclassi-
�ers' andEnglishpartitive nouns.

NanbaandOkumura's tool displayssentences2–4(thereferencearea). In our

approach,only sentence3 would bedisplayed,which impliesthatonemustaddition-

ally determinewhich otherwork thecurrentcontext refersto. In this case,theformal

citationin sentence2 mustbeextracted.As anadditionaldif�culty , theauthorsmight

haveuseddifferentkindsof identi�cation of theotherwork, e.g.authornameor solu-

tion identi�er. Weaimto treatthesetypesof identi�cation alike,insteadof recognizing

only formalcitations(likeNanbaandOkumurado).

NanbaandOkumura'sapproachreliesonthesimplifying assumptionthatiden-

ti�cation andcitationof anapproachoccurin thesamesentence,or at leastveryclose

together. However, thisdoesnothaveto bethecase.In ourexamplepaper, thedescrip-

tion of thework of Hindle (1993)andits weaknessesextendsfrom sentences5 to 9.

Textual separationis an issuethatneedsto beaddressed,asit is evenmore likely for

importantreferences,wheretheauthorswill take sometime andspacedescribingthe

otherwork (wealsonoticedthattextualseparationis morelikely for CONTRAST zones

thanfor BASIS zones,astheseareoftenlonger).

Argumentativezonescanhelpusassociatetextualspansbelongingto authors'

descriptionsof otherwork becauseof regularitiesbetweenzoneswhichwecall rhetor-

ical patterns.For example,neutraldescriptionsof otherresearchers'work oftenoccur

in combinationswith statementsexpressinga stancetowardsthat work. We believe

thatthosekindsof dependenciescanbehelpful for automaticArgumentativeZoning:

in section5.3.4.2,wewill useanngrammodeloperatingoversentencesto modelthese

regularities.Frominformal inspectionsof our corpus,however, we suspectthat in our

corpusthedependenciesarenot asstrongasSwales' claimsabout�x edorderwould

imply—possiblydueto theinterdisciplinarityof our corpus.

Figure3.24 illustratestypical argumentative patterns.The identi�ers (i.e. re-
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b)a) e)c) d)

f) g) h) i)

Figure3.24:TypicalRhetoricalPatterns

searchers'names,formalcitationsor solutionnames)aresigni�ed by smallsquares.

a) Generalstatementstypically precedemorespeci�c ones;e.g.,generalback-

groundmaterialis followedby descriptionsof speci�c otherwork.

b) A prototypicalpatternfor CONTRAST: The other solution is identi�ed, de-

scribedandcriticized.

c) A prototypicalpatternfor BASIS: Theothersolutionis identi�ed anddescribed,

thenastatementof intellectualancestryfollows.

d) Theotherwork is identi�ed andcriticizedbeforeit is described.Thispatternis

rathercommon,thoughit doesnotoccurasfrequentlyaspatternb).

e) Theotherwork is identi�ed afterit hasbeendescribedandcriticized.Thispat-

ternreadssomewhatawkwardly, but it doesoccurseveraltimesin ourcorpus.

f) A lessimportantcontrastiveapproachwhichdoesnotgetmuch“real estate”in

thepaper.

g) Otherwork is introducedandidenti�ed, but no stanceis expressed.In section

3.2.2wearguedthatsuchpatternscontributenothingto theargumentationand

that theauthorswastespacein thepaperwhich suchmoves.Nevertheless,we

foundmany suchpatternsin our corpus.Oneof thepossiblereasonwhy they

were were usedneverthelessis that they serve the move SHOW: AUTHORS

ARE KNOWLEDGEABLE. As predicted,mostof patternsg) foundin ourcorpus

areshort,i.e. thework is presumablynotcrucialto theargumentation.
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h) After theown solutionhasbeenintroduced,advantagesof it canbepresented

by comparisonsto otherwork, often in parallel steps.This is a prototypical

patternfor comparisonswith otherwork, particularlyin conclusionsanddis-

cussionsections.

i) A statementof intellectualancestryoccursin themiddleof adescriptionof the

own solution.We found that if someotherwork is cited in an OWN segment,

it is generallymorelikely to bea BASIS zonethana CONTRAST zone.BASIS

zonesarealsooverallshorterthanCONTRAST zones;many of thesestatements

juststatethefactthatwork is basedonotherwork,or acknowledgemethodsor

dataused.

In an approachbasedon Argumentative Zoning, adjacency of argumentative

zonesand assumptionsabout their connectionto a given zonecan be usedto �nd

the most likely citation association.For example,if a zoneexpressingauthorstance

hasbeenidenti�ed which doesnot containan identi�er, adjacentzonesof other re-

searchers'work canbe searchedfor identi�ers most likely to be associatedwith the

zone.

k)j)

Figure3.25:Likely andUnlikely RhetoricalPatterns

An aidein this couldbeprovidedby thefollowing observationwhich is illus-

tratedin �gure 3.25:we foundthat if two zonesof neutraldescriptionoccurarounda

criticism zone,it is very unlikely that theneutralzonesrefer to thesamework (asin

j); it is far morelikely thatthey referto differentwork (asin k).

Additionally, argumentative zonescouldbe usedin ContentCitationanalysis

to providea simpleandautomaticmeansof estimatingtheimportanceof a citedwork

for theciting work, asmorerelevantOTHER work will probablyreceivemorespacein

thearticle.
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3.5. RelatedWork

Argumentative Zoning is a new task,but thereis much work in computationaland

theoreticallinguistics and in languageengineeringwhich is closely related.Firstly,

thereareothertypesof zoningof text, i.e. methodswhich breakdocumentsinto seg-

ments;it is thede�nition of thezoneswhich is new in ourapproach.While mostother

approachestry to segmentpapersinto topic-relatedzones(Morris and Hirst, 1991;

Hearst,1997),our approachis moresimilar in natureto Wiebe's (1994)work. Her

approachalsoattemptsto determinea rhetoricalfeature,namelyevidentialityor point

of view in narrative.Thetaskis to determinethesourceof informationin text which

mightbeeithersubjectiveor objective.In newsreportingandnarrative,thisdistinction

is importantascoherentsegmentspresentingopinionsandverbalreactionsaremixed

with segmentspresentingobjective fact.Her four categoriesaregiven in �gure 3.26

(examplestakenfrom Wiebeetal. 1999,p. 247).

Subjectivity is a propertywhich is relatedto the attribution of authorshipas

well as to authorstance,but thereareobvious differencesbetweenWiebe's andour

distinction,which arerootedin differencesbetweenthetext typescovered.As will be

discussedin chapter5, someof thesententialfeatureswe usearecomparableto hers

(e.g.occurrenceof �rst or third personpersonalpronouns).However, her processing

doesnot go as“deep” asoursin trying to determinetheagent/actionstructureof the

text.

Another kind of discoursesegmentaltogetheris de�ned by topic segments

(Morris andHirst, 1991;Kozima,1993;Hearst,1997;Kanetal.,1998;Raynar, 1999).

The generalnotion behindwork like this is that thereis a connectionbetweenthe

discoveryof aboutnessor discoursetopicsandtextualorganization.

Practicalwork in topic segment determinationgoesback to Skorochod'ko

Subjective At several differentlevels,it' s a fascinatingtale.
Objective Bell IndustriesInc. increasedits quarterlyto 10centsfromseven

centsa share.
Subjective SpeechAct TheSouthAfrican BroadcastingCorp. said the song“F reedom

now” was“undesirablefor broadcasting”.
Objective SpeechAct NorthwestAirlines settledtheremaininglawsuits�led on behalf

of 156peoplekilled in a 1987crash,but claimsagainstthe jet-
liner's maker are beingpursued,a federal judge said.

Figure3.26:Wiebe's (1994)Subjectivity Categories
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(1972) who makes the connectionbetweentopical segmentationand relatednessof

terms:whenever thevalueof “semanticrelatedness”of a sentencewith respectto the

precedingchunkof sentencesfalls below a threshold,heproclaimsa new topical text

segmentto begin. This ideais taken up in approachesto topic segmentationsuchas

Hearst's (1997)TextTiling. Theassumptionis thatwordswhicharerelatedto acertain

topic will berepeatedwhenever thattopic is mentioned,andthatthechoiceof vocab-

ulary will changewhena new topic emerges.Hearstdeterminesboundariesof topic

segmentsby calculatingvocabulary similarity betweentwo adjacentwindows of text.

Similarity isde�nedusingthefrequency of non-stopwordtermsin eachsegment,with-

out taking their inversedocumentfrequency into account.Variationsof herapproach

arediscussedin Richmondet al. (1997)wherethe conceptsof global frequencyand

local burstiness(proximity of all or someoccurrencesof multiply occurringcontent

wordsin a text) areusedto re�ne thede�nition of segmentsimilarity. Raynar's (1999)

systemworksby similar principles,but includesa rangeof otherheuristics,similar to

theonesusedin text extractionmethods(cf. section2.2.1).

Our work is different in its interestin rhetorically, ratherthan topically, co-

herentsegments.Theargumentative zonea sentencebelongsto is a distinctionwhich

oftencutsacrosssubtopiczones.Onesubtopicmightbementionedin severaladjacent

argumentativezones.For example,thenameof aproblemmightberepeatedin thein-

troduction,in thedescriptionof otherresearchers'work, thestatementwhichdescribes

weaknessesof thatwork, in the goal statementandin the descriptionof the own so-

lution. On theotherhand,someof our larger zones,particularlythe OWN zone,will

containmany subtopics.Thus, the apparentsimilaritiesbetweentopic segmentation

methodsandArgumentativeZoningaresuper�cial.

Thereis a secondgroupof work, providing modelsof argumentationwhich

have a moregeneralaspiration,analyzingargumentative scienti�c discoursefrom a

theoreticalandlogic point of view (Toulmin, 1972;PerelmanandOlbrechts-Tyteca,

1969; Horsellaand Sindermann,1992; Sillince, 1992).Argumentationin theseap-

proachesis concernedwith arbitrary factsaboutthe world and their relation.For a

computationaltreatmentto cover this, full text comprehensionwouldberequired.Co-

hen's (1987)work is morecomputationallyminded.It is a generalframework of ar-

gumentationfor all text types,basedon theconstructionof claim-evidencetreesfrom

argumentative text (cf. �gure 3.27,takenfrom Cohen1987,p. 15):
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2 5

3 4

1

1 Thecity is adisasterarea
2 Theparksareamess
3 Theparkbenchesarebroken
4 Thegrassyareasareparched
5 Returningto city problems,the

highwaysarebadtoo

Figure3.27:Cohen's (1987)Evidence-ClaimTrees

Argumentative structurein herapproachis relatedto linearorderandsurface

meta-discourse(“clues”) like the phrase“returning to city problems”. Processingis

incremental;rulesexpresswherein the tree incomingpropositionscanbe attached.

This is similar to Polanyi' s (1988)discoursegrammarswherethe rightmostnodeat

eachlevel of the tree is alwaysopenandall othernodesclosedfor attachment.Co-

hensuggeststheimplementationof a separatecluemodulewithin herframework and

considersclueinterpretationas“not only quiteusefulbut feasible”(p. 18).

Cohen's approachis not implemented.Thereasonfor this is thatit presumesa

“evidenceoracle”which candetermineif a certainincomingpropositionis evidence

for anotherstatementalreadyin thediscoursetree.Thisis ahardtask,requiringgeneral

inferenceon theobjectlevel which wearetrying to avoid atall cost.

An approachfor thegenerationof naturallanguageargumentsis givenby Reed

andLong (1998)andReed(1999).The approachis basedon argumentationtheory

(cf. vanEemerenet al. (1996)for anoverview). Their RHETORICA systemusesplan-

ningto generatepersuasivetextsby modellingusers'goalsandbeliefs.Apart from the

factthatthisapproachis notconcernedwith theanalysisof arguments,thebiggestdif-

ferencebetweenthis work andoursis that insteadof formally manipulatingrelations

betweenfactsin theworld we modelprototypical(�xed) scienti�c argumentationin a

farmoreshallow way.

The third groupof work relatedto Argumentative Zoningarediscoursetheo-

ries for rhetoricalstructure.Discoursestructureis concernedwith two aspectsof the

organizationof sentences:a) thefactthatthesentencesin onetopicalor rhetoricalseg-

mentof thetext arein relationto eachotherandb) thatdifferentsegmentsalsohavean
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inter-segmentalorderingof intentionalrelations.This is oftenreferredto asmicro vs.

macro-structure(vanDijk, 1980).Othernamesfor macro-structurearediscourse-level

structure,or largescaletext structure.In awell-written text, thefunctionof microseg-

mentswith respectto themacrosegment,aswell asthe functionof a macrosegment

with respectto the text asa whole, is signalledby surfacecues.Cuesat micro-level

are for exampleconnectivesbetweenclauses(“b ut, thus”) or enumerationmarkers

(“�r st, second,last.. . ” ). Cuesat macrolevel arephrasesof the kind “next we will

showthat.. . ” .

We considerheregeneraltheoriesof text structurewhich arebasedon inten-

tional or communicative actsof the writer. Examplesof rhetoricalfunctionsare“to

convince a reader”,“to provide an example” or “to recapitulate”.The commonas-

sumptionis thatin trying to communicatea(setof) messages,e.g.,in anargumentative

text, humansemploy ahierarchicalintentionalstructure.

A bottom-upapproachto rhetoricalrelations,basedonamodelof humanmem-

ory organization,is describedin the seminalpaperby Kintsch andvan Dijk (1978).

Their main claims aboutdiscourseorganizationare that text contentis hierarchical

and that relevanceis an aspectof discourseorganization.Their modelstartsfrom a

manually-created,logical, but surface-orientedrepresentationfor propositions.Con-

nectednessis calculatedusingtheoverlapof grammaticalargumentsin this represen-

tation.Eventhoughtheir theoryof text comprehensionis plausible,wedonotconsider

it here,astheirapproachbypassestheessentialtext analysisphase—thismeansthatit

cannotbeusedfor practicalsummarizationof unrestrictedtext (section2.2). Instead,

we turn to theorieswhichwork by consideringmoresuper�cial cues.

GroszandSidner(1986)presenta hierarchicaldiscoursestructurebasedon

threetypesof structure:linguistic, intentionalandattentional.Intentionalstructurein

theirmodelis de�nedby thoseintentionsthatthewriter or speaker intendedthehearer

to recognize(in contrastto privateintentionslike to impresssomebody).Intentional

structureis associatedwith linguistic units, discoursesegments.Two structuralrela-

tions(dominanceandsatisfaction-precedence)holdbetweenthesegments.In contrast

to Swales'model,andsimilar to Cohen's,anin�nite numberof differentintentionsis

possible.

GroszandSidnerstatethat threekindsof informationplay a role in thedeter-

minationof thediscoursesegments:speci�c linguistic markers,utterance-level inten-

tionsandgeneralknowledgeaboutactionsandobjectsin thedomainof discourse.One

of their mainclaimsis that theuseof certainlinguistic expressionslike referringex-
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pressionsis constrainedby theattentionalstructure.Theattentionalstructurecontains

informationaboutthe differentpossiblefoci of attentionin the conversation:salient

objects,propertiesandrelations.

Theneedto recognizetheintentionsandtheir relationto previousintentionsis

aidedin GroszandSidner'sexample,asastronglyhierarchicaltask-structureunderlies

theirexampledialogue.Thistask-structureprovidescommonknowledgeaboutthetask

andalsoactsasa specialcaseof theintentionalstructureposited.

RhetoricalStructureTheory(RST; Mann andThompson1987,1988)is also

basedon the notion that text structureserves a communicative role. In contrastto

Groszand Sidner, the documentstructureis basedon a �xed set of rhetoricalrela-

tions holding betweenany two adjacentclausesor larger text segments.Their main

claimsarethat discourseis characterizedby stronghierarchicalrelationsandby the

predominanceof structuralpatternsof nucleus/satellitetype.Therelationsaretypically

asymmetricandincludeCIRCUMSTANCE, SOLUTION-HOOD, ELABORATION, BACK-

GROUND, ENABLEMENT, MOTIVATION, EVIDENCE, JUSTIFICATION, CAUSE (VOLI-

TIONAL AND NON-VOLITIONAL), RESULT (VOLITIONAL AND NON-VOLITIONAL),

PURPOSE, ANTITHESIS, CONCESSION, CONDITION, INTERPRETATION, EVALUA-

TION, RESTATEMENT, SUMMARY, SEQUENCE andCONTRAST. Thede�nitions of the

rhetoricalrelationsarekeptgeneralon purpose,asillustratedby theonefor JUSTIFY:

JUSTIFY: a JUSTIFY satelliteis intendedto increasethereader's readinessto
acceptthewriter's right to presentthenuclearmaterial.

(MannandThompson,1987,p. 9)

During the analysis,the analysteffectively provides a plausiblereasonthe

writer might have hadfor includingeachpartof thewhole text, cf. �gure 3.28,taken

from (MannandThompson,1987,p. 13–14).

Ambiguity of relationsandstructureareconsiderednormalin RST(Mannand

Thompson,1987,p. 28). This vaguenessposesa problemfor computationalapplica-

tionsasit leadsto multiple RSTanalysesfor a givenpieceof text. Anotherdilemma

is that researchersbuilding their work on RSThave often inventedtheir own, similar

relations,suchthat therewasa proliferationof privateRST-like schemes;Maier and

Hovy (1993) list more than400 RST-type relationsusedin the �eld. This dilemma

couldbemitigatedby acorpus-basedapproachlikeKnott's (1996).

Anotherdif�culty is theunit of annotation.It haslongbeendebated,andis still

entirelyunclear, whattheformal linguistic criteriade�ning suchunitsmight be.Con-

sider, for example,unit 7 in �gure 3.28(“not laziness”). Thisunit hasbeendetermined
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4-71-3

1-7
background

6-75

2-31

2 3

6 7

5-74

evidence

concession

antithesis

circumstance

volitional  result

1 Farmingtonpolicehadto helpcontroltraf�c today
2 whenhundredsof peoplelined up to be amongthe �rst applyingfor jobsat the

yet-to-openMarriott Hotel.
3 Thehotel's help-wantedannouncement—for300openings—wasa rareopportu-

nity for many unemployed.
4 Thepeoplewaiting in line carrieda message,a refutation,of claimsthatthejob-

lesscouldbeemployedif only they showedenoughmoxie.
5 Every rulehasits exceptions,
6 but thetragicandtoo-commontableauxof hundredsof eventhousandsof people

snake-lining up for any taskwith a paycheckillustratesa lackof jobs,
7 not laziness.

Figure3.28:SampleRSTAnalysis

as“clause-like” asit obviouslycarriesa lot of informationin thisparticularargument.

However, syntactically, thisunit is only asingleNPin aVP ellipsisconstruction—one

is now in needof ageneralsyntacticcriterionwhichde�nesthisphraseasaclause,but

excludessimilar otherNPs.

RSThasbeenextensively andsuccessfullyusedfor text generation,e.g.of tu-

tor responses(Moore andParis, 1993),andof texts describingship movementsand

air traf�c controlprocedures(Hovy, 1993).For this purposeMoserandMoore(1996)

suggestasynthesisof RSTandGroszandSidner'stheory. Ontheanalysisside,aprob-

lemof recognizingRSTrelationsis thatmostrhetoricalrelationshipsarenotexplicitly

marked by connectives,or that it is not clearat which level in the treea given unit

shouldconnect.

Marcuusesheuristicsbasedon punctuationandcuephrasesto recognizefully
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hierarchicalRST structurein popularsciencetext (Marcu, 1997a,1999a,b).Oneof

theapplicationsof thegeneratedstructureis summarization.ThetextsMarcuusesare

heavily edited,unlike ours;this makesparsingeasieraspunctuationcanbeexpected

to bestandardised.Thetexts arealsowell-written: whereasin our texts expertscom-

municatewith experts,thesetextsareaimedatmakingapossiblynon-expertaudience

understanddif�cult scienti�c facts.To do so,causalityandotherrhetoricalrelations

areoftenovertly signalled.

AnothersystemthatusesRSTrelationsfor summarization(of Japanesetexts)

is BREVIDOC (Miik e et al., 1994;Sumitaet al., 1992;Onoet al., 1994).Connective

expressionsin sentencesareidenti�ed andusedto build a representationof therhetor-

ical relationsbetweensentences.A cumulative penaltyscoringtechniqueis usedto

selectthemostplausiblebinary tree.Abstractsof variablelengthareproducedinter-

actively from thisstructure.

At �rst glanceRST-typerhetoricalrelationsmightlook abit likeRDPslots,but

they haveadifferentstatus:whereasRSTmodelsmicro-structure,i.e.relationsholding

betweenclauses,RDP slotsdenotemacrostructure,i.e. global relationsbetweenthe

givenstatementandtherhetoricalactof thewholearticle.

While weagreewith RSTthatmicro-level structureis likely to behierarchical

andcanbewell describedbyRSTrelations,wechoosenottomodeltheserelations.For

exampleour move DESCRIBE: OWN SOLUTION, which is particularlylong, includes

a descriptionof the methodology, evaluationstrategy etc. The internal hierarchical

structureof this move doesnot receive any attentionin our approach,becausewe

believe that many of the local rhetoricalrelationsbetweensentencesandclausesare

irrelevantfor our task.

Webelievethatit is macro-structureandnotmicro-structurewhichis usefulfor

summarizationanddocumentrepresentation.We alsobelieve thatRST is not ideally

suitedto modelmacro-structureandthat macro-structureis moreusefully described

by an annotationschemelike ours.Whenhumansareasked to assignRST relations

betweenbetweenparagraphsandlargersegments,they oftenhaveto resortto thetrivial

RST relation JOINT. Thereseemto be fewer constraintson relationsbetweensuch

segments,andwe doubtthatthis structureis hierarchicalin thesameway thatmicro-

level relationsare.

A relatedfactshowing that it is indeedmicro-level relationsthataremodelled

by RSTis thefactthatthecuephrasesusedin RSTapproachestendto beconnectives,

whichoperatebetweenclauses(Knott, 1996;Marcu,1997b).
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Moreover, eventhoughMannandThompson(1987)claim thatRSTis “unaf-

fectedby text sizeandhasbeenusefullyappliedto a wide rangeof text size” (p. 46),

RSTanalyststypically useshorttexts.Marcu(1997b),for example,usestext with an

averageof 14.5sentences,andMannandThompsondescribeatext of 15utterancesas

a “larger text” (p. 22)—whereaswe wantedto reliably annotatearticlesseveralpages

long.

To summarizeour observationsfrom looking at intention-basedaccounts,hi-

erarchicalintentionalrelationsat micro-level might not benecessaryfor our task;we

believe that global text structureis far moreimportant.Secondly, rhetoricalrelations

betweentwo segmentscanberecognizedby overtcluesif they arepresent.If they are

not, thereis a problem.Theremainingpossibilitiesarethefollowing, all of which are

notveryappealing:

� Onecould usesimple,short,well-editedtexts with standardizedpunctuation

(Marcu,1997a).

� Onecouldusetask-structuredtexts (GroszandSidner,1986).

� One could posit an “evidenceoracle”, i.e., put the task outsideone's remit

(Cohen,1987).

� One could perform “deep” intention modelling and recognition (Pollack,

1986).

In contrast,the task of Argumentative Zoning relieson moresuper�cial ex-

pressionsof scienti�c argumentation.

3.6. Conclusion

We have introduceda model of scienti�c argumentationwhich describesthe argu-

mentative structureof the articlesin our corpus.This modelincorporatesideasfrom

Swales'CARS theoryof argumentativemoves,acertainview ontheproblem-structure

of scienti�c researchandauthors'statementsaboutproblem-solvingprocesses,a dis-

tinction of contrastive vs. continuative authorstance,andour own observationsabout

theattribution of ownershipin scienti�c articles.We have operationalizedthis model

asa 7-prongedannotationscheme.We call the processof applyingit to text, i.e. of

determiningtherhetoricalstatusof eachsentence,ArgumentativeZoning.
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Weconcludethattextsanddiscoursescanhavemultiplestructuresat thesame

time, which arenot necessarilyisomorphic.Certainstructuresareparticularlydomi-

nantin sometext types, andcertainstructuresareparticularlyusefulfor sometasks. It

seemsthatfor scienti�c textsourmodel—relyingon�x ed,text-typespeci�c argumen-

tativemoves—describesonesuchstructurefor whichbothis trueat thesametime.

The novel aspectsof our schemearethat it appliesto differentkinds of sci-

enti�c researcharticles,becauseit relieson the form and meaningof argumentative

aspectsfoundin thetext typeratherthanoncontentsor physicalformat.It shouldthus

beindependentof articlelengthandarticlediscipline.

Other structuraldescriptions,thoughuseful in their own right, do not �t as

nicely to both task and text type: the �x ed rhetoricalstructureof scienti�c articles,

describedby modelslike vanDijk' s, Kando's andKircz', relieson expectationsspe-

ci�c to certaindomainsandthereforecannotdescribeour datawell. Generalframe-

workssuchastheonesdiscussedin theprevioussection,however, do not exploit text

type-speci�cexpectationsandthereforecannotoffer muchhelpfor automaticstructure

recognition.

Figure3.29shows the role of RDPsandArgumentative Zoningasintermedi-

ariesbetweenreaderandwriter: whereasRDPsarearepresentationof whatthereader

wantsoutof a text (cf. chapter2), argumentativezonesarearepresentationof whatthe

authorput into thetext.
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Figure3.29:ArgumentativeZoningandRDPs

This chapterhasrecastthe task of building RDPsas that of Argumentative

Zoning.Thefollowing questionsaboutArgumentativeZoningnow have to beasked:

� How intuitive is Argumentative Zoning?Are thede�nitions of our categories

meaningfulto otherhumans?To answerthisquestion,weobservedhumanan-

notationwith our annotationschemeon naturallyoccurring,unrestrictedtext.
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We will show in chapter4 that humanscan perform Argumentative Zoning

robustly.

� How well canArgumentative Zoningbeperformedautomatically?To answer

this question,we built a prototypethat appliesthe schemeautomatically, as

reportedin chapter5. Theresultsshow thatArgumentativeZoningcanbeper-

formedautomaticallyin a robust fashion,althoughhumansaresubstantially

betterat thetask.





Chapter 4

A Gold Standard for Ar gumentative

Zoning

In the previous chapter, we have introduceda new task:Argumentative Zoning. We

will in this chapterde�ne thespeci�cs of the taskin sucha way thatwe endup with

gold standardsfor it: a de�nition of whatthe“right answer”for a setof exampledoc-

umentsshouldlook like.For any new task,theright evaluationmethodis anessential

designcriterion.Of course,it is essentialthatthegold standardsbede�ned before the

experiment,andindependentlyof it.

Gold standardsarealsoneededduringsystemdevelopment.In chapter5, we

will describean automaticprocedurefor determiningargumentative zones.We will

useourgoldstandardsto determinesententialfeaturesandto providetrainingmaterial.

Importantly, goldstandardsservefor progressevaluation:theevaluationof day-to-day

changesto currentversionsof thesystem.

Section4.1 is concernedwith �nding the right evaluationstrategy for Argu-

mentativeZoning.As it is anew task,thereis noexistingevaluationstrategy for it, but

the evaluationstrategiesfor similar taskscaninform our decision.We decideto use

humanjudgement;we will thendiscusshow exactly to de�ne the taskin sucha way

thatthesimilarity of suchjudgementson thetaskcanbemeasuredobjectively.

We will thendiscusswhich numericalevaluationmeasuresto usefor the re-

liability studies(section4.2). The rest of the chapteris dedicatedto describingthe

reliability studieswhich measurehow muchour humanannotatorsagreewhenthey

performArgumentativeZoning.

129
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4.1. Evaluation Strategy

In sections4.1.1 and 4.1.2, fact extraction and text extraction approachesare con-

trastedin the light of their evaluationstrategies.This contrastwill lead to a list of

desiredpropertiesfor ourgoldstandard,andmotivateourconcreteevaluationstrategy

for ArgumentativeZoningin section4.1.3.

4.1.1.Evaluation of Fact Extraction

In template-�lling taskslike the MessageUnderstandingConference(MUC; cf. sec-

tion 2.2.2),thegoldstandardsarecalledanswerkeys; they areprovidedby information

specialists.Evaluationproceedsbydirectcomparisonof theslot�llers presentedby the

competingsystemswith theanswerkeys.

Answerkeys canbe of differentkinds: they oftenconsistof extractedtextual

strings,e.g.NPs; sometimesthe answeris one of a �x ed set of answers(“Was the

positionnewly created,or hadit existedbefore?”).These�x ed-choiceslotsoften re-

quireinferencefrom subtlelinguistic cues.Slotscanalsobe�lled by pointersto other

templates,or maycontainnumericalvalueswhich thesystemshave to calculateif the

valuesarenotpresentin thetext.

It is easyfor humansto assessthecorrectnessof theseanswerkeysafterhaving

readthe text, as the slot semanticsis concreteand domain-speci�c.However, even

thoughhumanscandecidewhetheran answerkey is corrector not, it is still not an

easytaskfor humanexpertsto �ll templateslotsconsistently. For morecomplex slots,

theremight be two different,but equallyappropriate(“correct”) keys—super�cially

differentmaterial,comingfrom differentplacesin thedocument.

Sometimes,thereis an overlapproblem,e.g.whenoneannotatordecidesto

includeanappositionof anNP in a slot andtheotherdoesnot.Annotationguidelines

(ChinchorandMarsh,1998)provide decisioncriteria for this andotherproblematic

cases.

To measurehow oftenannotatorsdisagree,asubsetof thematerials(about30%

of the texts), is providedwith answerkeys by morethanoneexpert.Thekeys of one

annotatoraretakenasgold standardin turn, andpercentageagreementis calculated,

i.e. the percentageof identical keys over total keys. A full discussionof evaluation

measuresfor taskslike this is given in section4.2. In MUC, only reproducibility is

reported(e.g.83%for ScenarioTemplates);no stability testsareconducted,i.e., it is
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not measuredif thesameannotatorwill annotatein a similar way at a differentpoint

in time.

Therearedisadvantagesassociatedwith this type of gold standard.A simple

comparisonof one �xed answerkey doesnot incorporateenough�e xibility to deal

with caseswherethesystem's answeris differentfrom theanswerkey. As we cannot

performdeepunderstanding,weneeda fair comparisonmethodwhichdealswith sur-

facestrings.Direct surfacecomparisonsmight punishthesystemunfairly: theanswer

might bea stringwhich looksdifferentbut meanssomethingvery similar to thegiven

answerkey. Fairersystemevaluationshouldgivethesystemascorebetterthanzeroin

casea second-bestansweris retrievedby thesysteminsteadof thebestanswer. What

is neededis agoldstandardwhichcanprovidesomekind of fall-backoption,i.e.other

acceptable—albeitlessrelevant—answers.

4.1.2.Evaluation of Text Extraction

Gold standardsconsistingof wholesentences—target extracts, i.e. a setof sentences

that togetherconstitutethebestpossibleextract from a document—arestill themost

typical gold standardfor text extraction-typesummarizers,astargetextractsallow for

a simplecomparisonwith themachineproducedextracts.Theproblemof evaluation

seemsto getsimplerwhengold standardsarealwaysfull sentences;at least,thereis

nooverlapproblem,astheremightbewith MUC answerkeys.

Therearedifferentmethodswherebyonecouldachieveatargetextract,e.g.by

askinghumansto selectimportantsentencesfrom thetext, or by �nding otherindepen-

dent,objectivecriteriafor “extract-worthiness”,e.g.similarity of documentsentences

with sentencesin ahuman-writtenabstract.

4.1.2.1.Free-selectingSentencesfr om Documents

Early researchersdevelopingcorpusresourcesfor summarizationwork haveoftende-

�ned their own targetextracts,relying only on their intuitions(see,e.g.(Luhn, 1958;

Edmundson,1969)).Somehave tried a moreobjective approachby askingunrelated

humansto preparea targetextract, i.e. subjectswhich arenot involvedin theprocess

of automaticsummarization.Severalresearchersreportreasonableagreementbetween

their subjects(Klavanset al., 1998;Zechner, 1995)for free-selectingsentencesfrom

newspapertext.
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Using unrelatedsubjects,however, still doesnot guaranteeobjectivity: Paice

andJones(1993)reject the useof free-selectedsentencesfor the evaluationof their

template-generatedsummaries,asa small trial showedthattheir (expert)subjects'se-

lectionstrategieswereveryheavily biasedtowardstheir individual researchinterests.

Thetextschosenaretypically short,sothattherearefew alternativesentences

thatcouldhavebeenchosenby thesubjects,andthejournalisticstylemakestheselec-

tion easierstill: themostimportantsentenceswill befoundin thebeginning(Brandow

etal., 1995).

For scienti�c text, thelevel of subjectivity neededfor thetaskmightbehigher.

Rathetal. (1961)reportlow agreementbetweenhumanjudgescarryingout freeselec-

tion. If six subjectswereaskedto select20 sentencesout of Scienti�c Americantexts

rangingfrom 78 to 171sentences,all six of themagreedonly on 8%,and� ve agreed

on 32%of thesentences.Rathet al. alsofoundthatannotatorsonly chose55%of the

sentencesthey chosesix weeksago.Edmundson(1961)reportssimilarly low human

consistency.

Thetext extractionevaluationstrategy alsosuffersfrom surfacecomparability

problems:anidealgoldstandardshouldtreattwo or moresentencesin thetext alike,if

they expressthesamesemantics.However, targetextractsdonotaccountfor thecases

wheretwo sentencesaredirectly replaceable,or wheretwo sentencestaken together

containroughlythesameinformationasanotherone.Thereis not a singlebesttarget

extractfor adocument:

[the] lackof inter- andintrasubjectreliability seemsto imply thatasingleset
of representative sentencesdoesnot exist for an article. It may be that there
aremany equally representative setsof sentenceswhich exist for any given
article. (Rathetal., 1961,p. 141)

4.1.2.2.Abstracts asGold Standards

Onewouldideallywantagoldstandardwhichallowsdifferentresearchteamsto repli-

catethegold standard.Asking humansto selectsentencesdoesnot provide this level

of objectivity, of course,asrelevanceis situational(cf. section2.1).Researchershave

thus looked for an independent,�x ed de�nition of relevancewhich comeswith the

text itself andwhichcannotbein�uencedanymore,e.g.onethatis basedonahistoric

decisionof a professional(the indexer or theabstractor).Sucha gold standardcould

be givenby a back-of-the-bookindex (Earl, 1970),or by the human-writtenabstract

(Kupiecetal., 1995).
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Earlusedaback-of-a-bookindex to identify all sentencesin abookchapterthat

containedanindexedterm;theseindexiblesentencesconstitutehergoldstandard.But

scienti�c articlesdonottypically containback-of-a-bookindexes.Kupiecetal. (1995)

usethesummarysuppliedwith thearticleinsteadto de�ne thegoldstandardsentences:

their gold standardis thesetof sentencesin thesourcetext thataremaximallysimilar

(“align”) with a sentencein the summary. An automaticsimilarity �nder is usedto

identify potentialpairsof summaryandsourcetext sentencesby super�cial criteria;

subsequently, a humanjudge (presumablyone of the systemdevelopers)decidesif

the alignmentis justi�ed on semanticgrounds.For alignmentto hold, Kupiecet al.

allow for minor modi�cations betweensentences;full matches,partial matchesand

non-matcheswerepossible.

D 200

D 202

Document

D 226

D 123

A0
A1
A2
A3

Abstract

Figure4.1:TargetExtractby Alignment(Kupiecetal., 1995)

In Kupiecet al.'s corpusof 188 engineeringarticlesplus summaries,79% of

the sentencesin the summarycould be alignedwith sentencesin the sourcetext. In

�gure 4.1,for example,documentsentencesD-200andD-202alignwith abstractsen-

tencesA-0 andA-3, respectively. Partsof sentencesD-123andD-226align with ab-

stractsentenceA-1, whereasabstractsentenceA-2 doesnothaveacorrespondingsen-

tencein thedocument.Examplesfor matchesandnon-matchesfromourcorpusfollow;

they wereobtainedin a duplicationof Kupiecet al.'s experiment(cf. section5.3.4.1;

alsodescribedin TeufelandMoens1997).

Summary: In understandinga reference,anagentdetermineshis con�dence
in its adequacy asameansof identifying thereferent. (A-3, 9405013)
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Document:An agentunderstandsa referenceonceheis con�dent in theade-
quacy of its (inferred)planasameansof identifying thereferent.

(S-131,9405013)

The previous sentencepair illustrateda match, the following sentencepair a

non-match:

Summary:Recentstudiesin computationallinguisticsproposedcomputation-

ally feasiblemethodsfor measuringworddistance. (S-2,9601007)

Document: Thepaperproposesa computationallyfeasiblemethodfor mea-

suringcontext-sensitive semanticdistancebetweenwords. (A-0, 9601007)

Thelastexampleillustratesoneof therarecaseswheresyntacticsimilaritydoes

not mirror semanticsimilarity: however similar, thesentenceshave differentproposi-

tional content,asonerefersto previous work andthe otherto the work discussedin

thesourcetext itself.

Gold standardde�nition by abstractsimilarity is attractive becausethe ma-

chineryis technicallysimple,andthe de�nition solvestheobjectivity dilemma:gold

standardsarede�ned by anindependentmethodwhich is in principleoutsidethesys-

temdevelopers'control.Correctingtheautomaticallydeterminedalignment—theonly

pointwherethesystemdevelopersinteractwith thegoldstandards—requiresrelatively

little humaninterventionandintroduceslittle subjectivity. Kupiecetal.evenarguethat

goldstandardsattainedby uncorrectedalignmentarealmostasgoodfor systemtrain-

ing asthecorrectedones.Subsequently, theideaof usingtheabstractasgoldstandard

hasfoundanumberof followers(Mani andBloedorn,1998;Hovy andLiu, 1998).

However, Kupiecetal.'smethodintroducesadependency on thequalityof the

abstracts,andon the processof how they weregenerated.This is an issuewith our

texts. In our corpus,theabstractswerenot written by professionalabstractorsbut by

theauthorsthemselves.

While the literatureon summarizationtechniquesfor professionalabstractors

is large (cf. section2.1.1 and 2.3.1.2), there is not much researchinto how non-

informationspecialistsgenerateabstracts.However, it is indeedcommonlyassumed

that authorsummariesareof a lower quality whencomparedto summariesby pro-

fessionalabstractors(Lancaster, 1998;Cremmins,1996;Rowley, 1982).Rowley says

aboutauthorabstractsthat they aresometimespoorly written, that they oftencontain

toomuchor toolittle data,andthatthereis oftenundueemphasisonauthor'spriorities.
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Borko andBernier(1975)similarly cautionthat authorsdo not necessarilywrite the

bestabstractsfor their papers,andDillon et al. (1989)foundempiricallythat journal-

scanningreadersoften ignoreauthor-written summariesif the full article is available

too,andrejectthesummariesas“misleading”or “biased”.Weseeseveraldangerswith

authorsummariesasgoldstandardsfor our task:

� We suspectedthat thereis a lesssystematicrelationbetweenthe information

containedin theauthor-writtensummariesandtheinformationcontainedin the

documents.If it is notthecasethattheabstractswerecreatedpredominantlyby

selectingsentences,but if they werecreatedfrom scratch,a surface-alignment

proceduremightprovide too few goldstandardsentences,andcoveragewould

betoo low, andindeed,this is thecasein ourcorpus.Authorstendto reuseless

of thedocumentsentences,but deepgeneratenew sentencesfrom scratch.

� Thepapersin ourcollectioncomefrom differentpresentationstyles,academic

traditionsandcoverawiderangeof subdomains.As aresult,they differ in their

internaldocumentstructure.

� They alsodiffer in the structureof their abstracts.Thereis no guaranteethat

abstractswritten by the authorskeepto any kind of �x ed rhetoricalbuilding

plan,which abstractsproducedby professionalabstractorsdo (Liddy, 1991).

Eventhoughtheinformationwhichendsup in theauthorabstractsis mostcer-

tainly relevant, thereare large individual differencesof style andpreference

with respectto what kind of informationan abstractcontains,particularly if

the authorsof the abstractswerecarelessor biased.In a tasksuchasours it

is essentialthat if thereis informationwhich is of comparablerhetoricalsta-

tus acrosspapers,thenthe gold standardshouldmark this informationsimi-

larly, independentlyof presentationform or wherein thepapertheinformation

occurs.Comparabilityof information is hard to obtainwith a surface-based

methodanyway, but if authordecisionsaretaken to de�ne thegold standard,

comparabilityacrosspapersdecreasesdramatically.

Indeed,a lateranalysis(cf. section4.4.1)recon�rmsthatthelengthandstruc-

tureof ourauthorabstractsvaryconsiderablyfrom paperto paper.

� Abstractswritten by professionalabstractorsaretypically self-contained,such

thatthey canbeunderstoodwithout referenceto thefull paper. In many exam-

plesin ourmaterials,this is not thecase.
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� Evenworse,it is not evenguaranteedthatall theinformationcontainedin the

abstractwill alsooccur in the main documentin someform. Writing advice

statesthat thetext andtheabstract,apartfrom conveying thesamesemantics,

shouldbeviabletextswhichcanbereadontheirown. But someof theauthors

in our collectionassumedthat the abstractwould alwaysbe readbeforethe

main document,and in order to save time, they “abused” the abstractas an

introduction.We found� ve papersin our collectionwhereinformationin the

abstractis not repeatedanywhereelsein the main document.Suchcasesare

catastrophicfor approacheswhichderive theirgoldstandardfrom theabstract.

In earlyexperimentswith alignment(TeufelandMoens,1997),weuseasimple

surfacesimilarity measurewhich computesthe longestcommonsubsequence(LCS)

of non-stop-listwords.The resultsshow a muchlower alignmentrateof 31%in our

corpus,in comparisonto Kupiec's79%.

For example,considertheauthorsummaryof ourexamplepaperandthebest-

alignedsentences(�gure 4.2).

SentenceA-2 doesnot align with any documentsentence,andalignmentsA-

1–113andA-3–147wererejectedby thehumanjudge(us)asbadmatches.Theone

acceptablyalignedabstractsentence(A-0) is only partially aligned—withsentences

0 and 164. Overall, the authorsdo not seemto have preparedthe abstractby sen-

tenceextraction:all abstractsentencesareat a higherlevel abstractionlevel thanthe

correspondingdocumentsentences,cf. thedifferencebetweenA-3 and147. It is im-

mediatelyclearfrom thelow level of alignmentthatthisparticulartargetextractcannot

beagoodrepresentationof thedocument,eventhoughtheauthorabstractitself is.

Mattersget even morecomplicatedwhenwe look at the rhetoricalstatusof

sentences,which is essentialfor Argumentative Zoning. For example, the rhetori-

cal structureof the original abstractconsistedof a sequenceof Researchgoal (A-

0), Solution applied (not inventedby Pereiraet al.; A-1), Further descriptionof

the solution (A-2), and Descriptionof the evaluation(A-3). This summaryis most

similar in type to the summaryfor intellectualancestryfor uninformedreaders,as

discussedin section2.3.3 (�gure 2.20, p. 69). In comparisonto the original ab-

stract,the target extract is impoverishedwith respectto rhetoricalstructure;it con-

sists of a very generalstatementabout the task, and a statementthat a solution

was found—only 2 out of the 7 slot �llers available in the author abstract.Even

though the aligned documentsentencesmight be super�cially similar to the ab-
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Abstractsentences Aligneddocumentsentences
A-0 We describe and experimentally

evaluateamethodfor automatically
clusteringwordsaccordingto their
distribution in particular syntactic
contexts.

0 (partial) Methodsfor automatically
classifying words according to their
contextsof usehavebothscienti�c and
practicalinterest.

164 (partial) Wehavedemonstratedthat
a general divisive clustering proce-
dure for probability distributions can
be usedto group words accordingto
their participationin particulargram-
maticalrelationswith otherwords.

A-1 Deterministicannealingis usedto
�nd lowest distortion setsof clus-
ters.

113 (bad match) Theanalogywith statis-
tical mechanicssuggestsa determin-
istic annealingprocedurefor cluster-
ing � REF� Roseet al. 1990� /REF� ,
in which the numberof clustersis de-
terminedthrougha sequenceof phase
transitionsby continuouslyincreasing
the parameter� EQN/� following an
annealingschedule.

A-2 As the annealing parameter in-
creases,existing clusters become
unstableand subdivide, yielding a
hierarchical“soft” clusteringof the
data.

—

A-3 Clustersare usedas the basis for
classmodelsof word coocurrence,
and the modelsevaluatedwith re-
spectto held-outtestdata.

147 (bad match) For eachcritical valueof
� EQN/� , weshow therelativeentropy
with respectto the asymmetricmodel
basedon � EQN/� of the training set
(set train), of randomlyselectedheld-
out test set (set test), and of held-out
datafor a further1000nounsthatwere
notclustered(setnew).

Figure4.2:AuthorAbstractandTargetExtractby Alignmentfor Document9408011

stractsentences,their rhetoricalstatusis notnecessarilysimilar to thatof theiraligned

sentences.Without context, therhetoricalstatusof thedocumentsentencescannotbe

detectedanymore,andit is not evenclearthat it would beof help.Clearly, something

got loston theway.

To sumup, we do not deny that therearecaseswhereabstractalignmentcan

de�ne goodgold standards,andthatKupiecet al.'s experimentis probablyonesuch
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case.However, thereasonfor this is not thatabstractsper seprovide goodde�nitions

of goldstandards—rather, it is dueto otherfortunatecircumstances,like theextensive

trainingof professionalabstractorsandthehighhomogeneitywith respectto paperand

abstractstructurein somedatacollections.In ourcase,alignmentwith abstractswould

probablyde�ne a low-qualitygoldstandard.

In general,surfacecomparabilityremainsa problemfor targetextractsby ab-

stractsimilarity. Documentsentenceswhich sharepropositionalcontentswith an ab-

stractsentencebut which look differentonthesurfacewill notbecontainedin thegold

standard,eventhoughthey shouldbe;andasystemwhichcorrectlydeterminessucha

sentencewouldbeundulypunishedby a targetextractgoldstandard.

Thereis anadditionalproblemwith thestaticnatureof thegold standarddef-

inition. The fact that the gold standardcannotbe touchedanymoremight well make

it more“objective”, but theprocessby which theabstractwasobtained(describedin

abstractors'guidelines)doesnot necessarilyprovide the speci�c informationneeded

for a given task.For example,our taskdemands�nding informationaboutthe goal

of the paper, in relationto previous work: the determinationof rival approachesand

supportingprevious researchis essential.Unfortunately, this type informationis not

traditionallypresentin abstracts.Instead,this informationmight behiddenanywhere

in the texts. An advantageof askingsubjectsto free-selectsentencesis that new cri-

teria canbe appliedto the searchasneeded,in a dynamicway. As thesecriteria of

selectionarede�ned after the creationof the text, they canbe changedaccordingto

taskrequirements.

Onegoodpoint abouttarget extractsin general,no matterby which method

they are obtained,is that only a small numberof sentencesare selected,which are

guaranteedto beglobally important.This would beanadvantagefor a gold standard

likeours.But mosttargetextractsdo not provide fall-backoptions,asthey only make

abinarydistinctionbetweenrelevantandnon-relevantsentences.

4.1.3.Our Evaluation Strategy for Ar gumentativeZoning

We have arguedthat neithertarget extractsnor MUC-style answerkeys canoffer us

high-quality gold standardsfor our task.But there is yet another�eld whosegold

standardsmightbeimportantfor us.

Goldstandardsby total-coveragearetraditionallyin usein areaswherethean-

notationin the text servesasa long-termresourceitself, e.g. in dialogueact coding
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(Carlettaet al., 1997;Alexanderssonet al., 1995;Jurafsky et al., 1997).Humansare

askedto classifyutterancesin a corpusinto a �nite setof categories(called“dialogue

moves”).For this kind of exercise,it is essentialthatdifferentannotatorsperforming

the taskindependently(e.g.in differentplaces)cancreatea resourcethat �ts in with

alreadyexisting resourcesgeneratedaccordingto the sameannotationscheme.High

reproducibilityof sucha schemeis thusimportant.Training of the annotatorsis ex-

tensive.Guidelines,alsoreferredto ascodinghandbooks, areusedto describethetask

andthesemanticsof thecategories.Specialized,standardizedstatistics,borrowedfrom

thecontentanalysiscommunity(Carletta,1996),exist for testingcertainpropertiesof

theannotationscheme,mostnotablystabilityandreproducibility(cf. section4.1.1).

Ourevaluationstrategy is asfollows:weelicit judgementsfrom subjectsabout

the argumentative statusof sentencesin the sourcetext accordingto our annotation

scheme.Subjectsperformfull-coverageannotation,i.e.,they giveajudgementfor each

sentencein thepaper.

We arguethatthis evaluationstrategy will improve thegold standardsituation

with respectto surfacecomparability, fall-back optionsand comparabilitybetween

papers.Systemevaluationis no longera comparisonof extractedsentencesagainsta

�nite setof “good” sentences—thisinevitablycannotworkbecausethereis notjustone

possibleextractfor apaper. Instead,everysentencein thesourcetext which expresses

the main goal will have beenidenti�ed, and the system's performanceis evaluated

againstthatclassi�cation,providinganevaluationthatportraystherealsituationbetter.

Wehave,in chapter3, madeanimplicit claimabouttheadequacy of ouranno-

tationscheme:that its categoriesprovide anintuitivedescriptionof certainaspectsof

scienti�c texts.But thesemanticsof our slotsarenot assimpleasthedomain-speci�c

MUC slots,which have theadvantagethathumanscancon�rm with high con�dence

if a slot �ller is “right”. In our schememoresubjective judgementsarenecessary. If

wecouldproveahighdegreeof humanagreementon theapplicationof argumentative

zones,this would alsoserve to verify our de�nition of thezones.Learnabilityof the

scheme(and,asa result,reasonablereproducibility)is alsoimportantfrom a practical

pointof view aswewantto usethegoldstandardsastrainingmaterialif they constitute

a reliableresource.

Themain differencebetweenour taskandothertotal-coverageannotationsis

thatour taskis a documentretrieval task,andasa result,relevanceis anissuefor us.

Certainitemsaremoreimportantfor usthanothers,andcertainerrorsaremoregrave

thanothers.We caremostaboutreproducibilityin thosezoneswhich areparticularly
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importantfor our task(e.g.A IM zones);wecarelessabouterrorsin thefrequentzones

asthesesentencesarenot directlyextractedanddisplayedin RDPs.

Our gold standardshouldgive us sentenceswhich arethe bestslot �llers for

eachcategory; it shouldalsode�ne fall-backoptions.However, total-coverageclassi�-

cationdoesnotreadilyprovidedifferentdegreesof relevance.It givesusmany “equally

relevant” sentencesper category, whereasthe othergold standardswould have given

us few “relevant” sentences.In an independentstep,the mostappropriateslot �llers

wouldhave to bedetermined:

1. Subjectscouldtell uswhich sentencesarethebest�llers, e.g.by rankingtheir

prior classi�cations.

2. Someexternal criterion could de�ne relevanceindependentlyof the human

classi�cation;e.g.sentencesalignablewith abstractsentencesor occurringin

theperipheryof thepapercouldbeconsidered“morerelevant”.Theconnection

betweenlocationandthequalityof goldstandardsis exploredin section4.4.2.

3. Slot �llers whicharesimilar to eachothercouldbede�nedto bemorerelevant.

Thisapproachwassuggestedin section2.3.3wherewesketchedthegeneration

of tailoredsummariesfrom RDPslot �llers.

Apart from not being able to give us the most appropriateslot �llers, total-

coverageclassi�cationgoldstandardsprovideawell-suitedevaluationfor our task,as

suchclassi�cationis a simple,well-understoodcognitive taskwith a widely accepted

evaluationmetrics.However, it is a time-consumingtask—weconsiderdifferentways

of reducingtheeffort, eitherby reducingthetraining(cf. section4.3.2)or by reducing

theareasto beannotated(cf. section4.4.2).Ournew goldstandardhelpsusgetaround

someof theproblemsthatotherevaluationstrategieshave:

� Objectivity: The new gold standardmeasuresobjectivity in termsof stability

andreproducibility, i.e. in how far humanswill agreeon the task(resultsare

reportedin section4.3). Onecould,however, arguethat a static,�x ed, inde-

pendentstandardasin Kupiecetal.'s work is intrinsicallymoreobjective.

� Task-�exibility: Instructionsto theannotatorscanbeadjustedaccordingto the

requirementsof thetask.
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� Comparability betweenpapers: Thenew goldstandardguaranteescomparabil-

ity becauseall sentencesareclassi�ed. Coverageof all categoriesshouldbe

high, i.e. thereshouldalwaysbeenoughcandidatesfor eachcategory. As a re-

sult, a sensiblecomparisonof informationbetweenpapersis possible,unlike

in theabstract-as-gold-standardstrategy.

� Fall-back options:Thenew gold standardprovidesfall-backoptionsfor each

category (providedthecategory waspresentin thepaper),unlike othermeth-

ods.

� Best�ller s: Thenew gold standardstill givestoo many �llers percategory, all

of whicharejudgedequally-relevant,in contrastto selectionmethods.In order

to determinethe mostrelevant �llers in our case,an independentmeasureof

relevanceis needed.

� Surfacecomparability: Thenew goldstandardhasfewerproblemswith surface

comparabilitythantarget extractsor answerkeys. This is dueto the fact that

judgementsfor eachsentencearecompared.

4.2. Evaluation Measures

In thefollowing experiments,weareparticularlyinterestedin two propertiesof ouran-

notationscheme:Firstly, stability, i.e. theextent to which oneannotatorwill produce

thesameclassi�cationsat differenttimes(Krippendorff, 1980).Stability is important,

becausein unstableannotationschemesthede�nition of thecategoriesis notevencon-

sistentwithin oneannotator'sprivateunderstandings,andasaresult,suchschemesare

veryunreliable.Highstabilityshowsattheveryleastthattheremustbesomeconsistent

de�nition of semanticsin thegoldstandard,evenif wedonotknow yetif thisde�nition

canbecommunicatedto others.Thesecondpropertyis reproducibility, i.e. theextent

to whichdifferentannotatorswill producethesameclassi�cations,whichmeasuresthe

consistency of sharedunderstandings(or meaning)heldby morethanoneannotator.

As consistentsharedunderstandingsrequireconsistentprivateunderstandings,anun-

stableannotationcannever bereproducible;conversely, it is commonlyassumedthat

aproofof thereproducibilityof aschemeimpliesits stability. Thus,many experimen-

tatorsonly measureandreportreproducibility(cf. theMUC enterprise,section2.2.2).
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We feel thatstability is independentlyimportant,andthatstability andrepro-

ducibility havecompletelydifferentconsequenceswith respecttoourtask.Researchers

in documentretrieval have arguedthatalthoughstability is importantto somedegree,

if oneis interestedin usersatisfaction,thenreproducibilityis of little importance.If

therearetwo or moreintuitively “good” but differentgoldstandards,two judgesmight

disagreeover which oneto choose,resultingin a low reproducibility. However, both

of thesegold standardsmight have satis�ed the user. We subscribeto the argument

of theoreticalpriority of stability over reproducibilityin documentretrieval, but at the

endof theday, only extrinsicevaluationcanproveor disproveif theargumentis valid.

A relatedquestionis how exactly we shouldestablishanupperboundfor the

task.An upperboundis thebestmeasurementthatanautomaticperformancecantheo-

reticallyreach.Whenhumanssystematicallydonotagreebeyondacertaindegree,this

degreemustbeacceptedastheupperbound:it makesno senseto think of a machine

asperformingbetterthanthis level of agreement.We arguethat reproducibilitycon-

stitutesagoodupperbound.Thatis, if theperformancestaysthesameif anautomatic

approachis addedto a pool of independentlyannotatinghumanannotators,thenthis

approachhasreachedthetheoreticalbestperformancepossible.

In many relatedtasks,de�nitions of upperboundsare handledlessstrictly.

Kilgarrif f (1999),for example,reportsanupperboundfor wordsensedisambiguation

which is numericallyveryhigh.Thisgoldstandardwasgainedby negotiationbetween

theannotators,asis commonin lexicography. Wealsobelievethatinteractionbetween

annotatorsis important,in orderto arrive at a sharedunderstandingof thecategories.

However, experiencehasshown thatit is oftentheannotatorwith thestrongestperson-

ality whichconvincestheotherannotatorsof thevalidity of herannotation.

Another form of improving “reproducibility” would be to ask annotatorsto

correctsomebodyelse's output—inothertaskslikemanualparts-of-speech(POS)as-

signment,annotatorshave beenshown to agreemuchmoreif they do not performthe

taskfrom scratch.

However, aswe areinterestedin thepropertiesof thecognitive task,we mea-

surereliability of independentannotationbefore discussions.The real keepersof the

semanticsof thecategoriesshouldalwaysbetheguidelines.Theguidelinesfor anno-

tation tasksshouldbewritten beforetheexperimentandchangedaslittle aspossible

duringtheexperiment.However, asannotationexperimentsarelongandexpensiveen-

terprises,it might be dif�cult to repeatan experimentafter eachchange(andideally

with new annotators).We hadto changetheguidelinesseveral times(e.g.,theexam-
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ple annotationsin �gures on p. 327and328wereaddedafter thosepapershadbeen

annotatedindependently).

Our annotationtask is mutually exclusive categorial assignment.Therehave

beendifferentwaysin the pastto evaluateagreementbetweenhumansfor suchtask

(cf. theoverview in Carletta1996),usingeithermajority opinionor percentageagree-

mentasmeasurement.Weareopposedto usingmajorityopinion:theaveragedoesnot

re�ect anybody's understandingof thecategories.We wantto treatall our annotator's

opinionsasa valid judgement.Noneof theseis by de�nition wrongor right—weare

dealingwith a dif�cult “high-level” task,wherea certainlevel of subjectivedisagree-

mentscanbeexpected.

WeusetheKappacoef�cient K (SiegelandCastellan,1988)to measurestabil-

ity andreproducibilityamongk annotatorson N items(here:sentences).For our task,

Kappahasthefollowing advantages:

� It factorsout randomagreement.

� It allows for comparisonsbetweenarbitrarynumbersof annotatorsanditems.

� It treatslessfrequentcategoriesasmoreimportant.

TheKappacoef�cient controlsagreementP
�

A� for agreementby chanceP
�

E � :

K �

P � A��� P � E �

1 � P � E �

No matterhow many itemsor annotators,or how thecategoriesaredistributed,

K � 0 when there is no agreementother than what would be expectedby chance,

andK � 1 whenagreementis perfect.If two annotatorsagreelessthanexpectedby

chance,Kappacanalsobenegative.Chanceagreementis de�nedasthelevel of agree-

mentwhich would be reachedby randomannotationusing the samedistribution of

categoriesastherealannotators.Kappais stricterthanpercentageagreement:its value

is always lower or equalto percentageagreementP(A); it is equalin the caseof a

uniformdistributionandlowerfor skeweddistributions.Wealreadyknow thatourcat-

egory distribution will mostlikely bevery skewed,for examplebecausethecategory

OWN is sopredominant.Thefact thatKappais a moresensiblemeasurementfor our

taskthanpercentageoverlapcanbeeasilyshown with the following argumentabout

baselinesfor our task.(This argumentanticipatessomenumericalvalueswhich we

will obtainlateron in this chapter.)
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ChoosingthemostfrequentcategoryOWN is onepossiblebaselinefor ourtask

(Baseline1).Figure4.3showsthatpercentageagreementmakesthisbaselinelook like

a good one at 69%, in comparisonto humanagreementat only 87%. However, if

Kappais usedto measurethesimilarity of thisbaselinewith theannotationof ahuman

annotator, it revealsanegative(K=–.12)—comparedto chanceagreement,thebaseline

performsworsethanrandom.This agreeswith our intuition thatalwayschoosingthe

most frequentcategory is a badstrategy for our task.For our task it is importantto

choosetherarecategoriesA IM , TEXTUAL, CONTRAST andBASIS.

Baseline Kappa P(A) P(E)
Baseline1: Most frequentcategory -.12 68% 71%
Baseline2: Random,uniformdistribution -.10 14% 22%
Baseline3: Random,observeddistribution 0 48% 48%

Figure4.3:Baselinesfor theTaskof ArgumentativeZoning

We implementeda randomgenerator, assigningcategoriesbasedeitheron a

uniform distribution (Baseline2) or theobserveddistribution (Baseline3). Baseline2

hasa slightly betterchanceagreement;it achievesK=–.10 if comparedto thehuman

annotator. The hardest-to-beatbaselineis randomchoiceaccordingto the observed

distributionof categories(Baseline3). Kappafor this baselineshouldtheoreticallybe

K=0 which is recon�rmedby ourdata.Kappaagreeswith our intuition thatBaseline3

is betterthanBaseline1 whereasthenumericalvaluesof percentageagreementcon-

tradictour intuition.

Kappais designedto abstractover the numberof annotatorsas its formula

reliesonpairwiseagreement.Thatis, K for k � 6 annotatorswill beanaverageof the

valuesof K for k � mwherem  k, takingall possiblem-tuplesof annotatorsfrom the

annotatorpool.Thispropertymakesit possibleto comparebetweendifferentnumbers

of annotators,andbetweengroupsof annotatorsandversionsof our system.A look

at Rathet al.'s awkwardway of reportingagreementfor differentannotatorpools(cf.

p. 132)makesclearthatnumericalcomparabilityis abig advantage.

Wearealsolooking for ameasurementwhichwill punishdisagreementon the

rare(= important)categoriesmorethandisagreementin themorefrequentcategories.

As asideeffectof takingrandomagreementinto account,Kappatreatsagreementin a

rarecategoryasmoresurprising,andrewardssuchagreementmorethananagreement

in a frequentcategory.
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There are different scalesof how to interpret Kappa values.Krippendorff

(1980)startsfrom theassumptionthattherearetwo independentlyannotatedvariables

which show a clearcorrelation.If theagreementof anannotationof oneof theseis so

high that it reachesa valueof K=.8 or above on a reasonably-sizeddataset,thenthe

correlationbetweenthesetwo variablescanbeshown with a statisticalsigni�canceof

p ! 0.05.Thatis, theannotationcontainsenoughsignalto befoundamongthenoiseof

disagreement.If agreementis in a rangeof .67 ! K " .8, thecorrelationcanbeshown

with a (marginal) statisticalsigni�cance of p=0.06,which allows for tentative con-

clusionsto be drawn. Krippendorff 's strict scaleconsidersannotationswith K "$# 67

asunreliable.More forgiving scalestake into accountthat mostpracticalannotation

schemesonly mark onedependentvariableandassumethat K=.6 is still reasonable

agreement.However, Krippendorff (1980,p. 147)describesanannotationexperiment

performedby Brouweretal. (1969)in whichannotatorsachievedK=.44with ananno-

tationschemewhosecategoriesweredescribedonly by complicatedDutchnameswith

no resemblanceto Englishwords.This is disturbing,becauseKappashouldhavebeen

zero,dueto thelack of semanticsattachedto thecategories(astheannotatorsdid not

understandDutch):any agreementachievedin thatexperimentcanbeonly considered

aschance.Having saidthis, it is sodif�cult to achievehighKappavaluesthatonecan

neverthelessexcludechancein thosecases—Kappais in generalacceptedin the�eld

asasensibleandrigorousmeasure.

WhereasresearchersusingKappafrequentlyhave developedsomeintuitions

aboutwhetheror not not two Kappavaluesprobablyarestatisticallysigni�cantly dif-

ferentor not, therestill is no statisticalformula to calculateif this is thecaseor not.

Thisis adisadvantageof usingKappa,but wethink it is out-weighedby its advantages.

We useour own implementationof Kappawhich allows usto vary annotation

areas(cf. section4.4.2),calculatevaluesfor single�les, subsetsof annotatorsin the

poolandto show confusionmatricesfor pairsof annotators.

4.3. Reliability Studies

4.3.1.Experimental Design

We conductedthreestudies.The �rst two, studiesI andII, weredesignedto �nd out

if two versionsof our annotationschemecanbe learnedby humanannotatorswith a
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signi�cant amountof training.The�rst versionis thebasicannotationschemewhich

encodesintellectualownership(cf. section3.3).Thesecondversionis thefull annota-

tion schemewith seven(morecomplicated)categories.A positiveoutcomeof studiesI

andII wouldconvinceusthatthehuman-annotatedtrainingmaterialconstitutesagood

goldstandard,andthatit canbeusedfor bothtrainingandevaluationof ourautomatic

methodin chapter5. Theoutcomeof studyII is crucialto thetask,asit dealswith the

full annotationscheme.Someof thecategoriesspeci�c to the full annotationscheme

(A IM, TEXTUAL, BASIS andCONTRAST) provideessentialinformationfor RDPs.

StudyIII triesto answerthequestionif theconsiderabletrainingeffort usedin

studiesI andII canbereduced.If this werethecase,i.e. if annotatorswith no signif-

icant task-speci�ctrainingcouldproducesimilar resultsto highly trainedannotators,

thetrainingmaterialcouldbeacquiredin a morecostandtime effective way. A posi-

tiveoutcomeof studyIII wouldalsosubstantiateclaimsabouttheimmediateintuitivity

of thecategory de�nitions.

4.3.2.Study I

4.3.2.1.Method

Subjects: Threeannotatorsparticipatedin thisstudy:AnnotatorA holdsaMasterde-

greein CognitiveScienceandAnnotatorB wasastudentof SpeechTherapy atQueen

Margaret's College,Edinburgh. AnnotatorC is the authorof this thesis.The annota-

torscanbeconsideredskilled atextractinginformationfrom scienti�c papersbut they

are not expertsin all of the subdomainsof the papersthey annotated.AnnotatorA

hassomeoverview knowledgein mostof the sub�elds representedin the corpus;in

particular, he is well accustomedto articlesin computerscience,which AnnotatorB

wasnot.AnnotatorB hadsomeknowledgein phonologyandphonetics,andto a lesser

degreein theoreticallinguistics.AnnotatorsA andB werepaid for their work at the

standardacademicstudentrateof theUniversityof Edinburgh.

Materials: Thematerialsconsistof 26computationallinguisticspapersfrom ourcol-

lection(cf. appendixA.2 for theoverall list of articlesin our corpus).Figure4.4 lists

the materialsusedin this study:the papersandtheir numbersof sentences(abstract

sentencesanddocumentsentences,but excludingsentencesoccurringunderthehead-

ing Acknowledgements). Weusedthe�rst four articlesof our collection(papers0 – 3)

for training,andthenext 22 papers(papers4 – 25) for annotationby all threeannota-
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tors.As we wantedto cover asmuchvarietyaspossiblein writing style,we decided

to only includeonepaperby each�rst authorin eachstudy—subsequentpapersby

thesameauthorswerediscarded.In studyI, no paperwasexcludedon thegroundsof

authorship,however. During theannotationphase,oneof thepapers(paper18) turned

out to beareview paper. Thispapercausedtheannotatorsdif�culty astheschemewas

not intendedto coverreviews.Thus,wediscardedthispaperfrom theanalysis.For the

stability �gures (intra-annotatoragreement),5 paperswererandomlychosenoutof the

setof 21 papers.

Typeof Material Papernumbers Sent.
Trainingmaterial 0, 1, 2, 3 532
Annotationmaterial 4, 5, 6, 7, 8, 9, 10,11,12,13,14,15,16,17,19,

20,21,22,23,24,25
3643

Intra-annotatormaterial 0, 7, 10,23,24 1115

Figure4.4:StudyI: Materials

Procedure: The training procedurewasas follows: the annotatorsreadour written

instructionswhich de�ne thecategoriesof thebasicversionof theannotationscheme

in detail(7 pages;reproducedin appendixC.1).For thereader'sconvenience,�gure 4.5

repeatsthecategoriesof thebasicannotationscheme.

BACKGROUND Generallyacceptedbackgroundknowledge

OTHER Speci�c otherwork

OWN Own work: method,results,futurework.. .

Figure4.5:StudyI: Overview of BasicAnnotationScheme

After readingtheguidelines,theannotatorsmarkedupthe�rst two trainingpa-

pers,followedby adiscussion,thentheothertwo trainingpapers,followedby another

discussion.In thesediscussions,we tried to settledisagreementsin the annotators'

judgementsandchangeunclearpassagesin theinstructions.

Theannotationprocedureitself wasasfollows: Annotatorsmarkedup the21

papers,5–6papersperweek,in thesameorder. Therewasnocommunicationbetween



148 Chapter4. A GoldStandardfor ArgumentativeZoning

OWN OTHER BACKGROUND
0

20

40

60

80

%

Figure4.6:StudyI: OverallFrequency of Categories

theannotatorsduring theannotation.Annotationincludedtheabstractsaswell asall

sentencesin thedocument(excludingacknowledgementsentences).Readingandan-

notatinga papertook the annotators20–30minuteson average.Weekly discussions

betweenthethreeannotatorstook placeduringtheannotationphase.Therationaleof

the discussionswas to increasefuture agreementby clarify unclearpassagesin the

guidelinesin thelight of unclearannotationcases.However, agreementwasmeasured

before discussions.As therewasno time to implementa speci�c annotationtool, all

annotationreportedherewasdonepencil-on-paperandtheneditedinto anXML ver-

sionof thedocuments.

6 weeksafter theendof the �rst annotationphase,stability wasmeasuredby

an intra-annotatorexperiment,whereannotatorswereasked to re-annotaterandomly

chosenpapers.

We collectedinformal commentsfrom our annotatorsabouthow naturalthe

taskfelt, but did not conducta formal evaluationof subjective perceptionof thedif�-

culty of the task.Instead,our analysisconcentrateson trendsin thedataasthemain

informationsource.

4.3.2.2.Resultsand Discussion

Theresultsshow thatthebasicannotationschemeis stable(K=.83, .79,.81;N=1115;

k=2 for all threeannotators)andreproducible(K=.78,N=3643,k=3). This recon�rms

thattrainedannotatorsarecapableof makingthebasicdistinctionbetweenown work,

speci�c otherwork, andgeneralbackground.To our knowledge,this studyis the�rst

to researchattributionof intellectualownershipempiricallyon acorpus.
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Categories Kappa
OWN + OTHER BACKGROUND

93.2% 6.8% .58
OWN OTHER + BACKGROUND

80.4% 19.6% .83
OWN + BACKGROUND OTHER

87.2% 12.8% .77

Figure4.7:StudyI: Krippendorff 'sDiagnosticsfor CategoryDistinction

Figure4.6 shows that the distribution is very skewed, aspredicted.The rel-

ative frequency of the threecategoriesis 80.4%(OWN), 12.8%(OTHER) and6.8%

(BACKGROUND).

Thoughthereliability valuesareacceptable,therearesomequestionsthatare

typically askedin orderto improveanannotationscheme:

% Do all annotatorsperformequallywell?

% Are thereparticularcategorydistinctionsthatarehardto make?

% Is thereadifferencebetweenclustersof items(papers)?

The�rst questionis answeredeasily—thevariationbetweenannotatorsis fairly

small.Theresultsfor pairwisecomparisonareK=.74 (A, B), K=.78 (B, C) andK=.82

(A, C). It is importantthat theresultsdo not changedramaticallywhenthedeveloper

of theannotationscheme(AnnotatorC) is left out of theannotatorpool. In this case,

they dropa little from K=.78 to .74.This still suggeststhat thetrainingconveyedthe

intentionsof thedeveloperof theannotationschemefairly well.

In order to seewhich category distinctionsare hard to make, we useKrip-

pendorff 's diagnosticfor category distinctions:all othercategoriesbut the one(s)of

interestare collapsed.The most dif�cult single distinction is the one that resultsin

thebestreproducibilityvaluesif omitted.In our case,this mostdif�cult distinctionis

theonebetweenOTHER andBACKGROUND. We arenot surprisedaboutthis: thedis-

tinction betweenothergeneralwork andotherspeci�c work concernsonly thedegree

of speci�city. Swales(1990)reportssimilar dif�culties with a distinctionbetweenhis

two relatedmoves1.2(makingtopic generalizations;backgroundknowledge)and1.3

(reviewing previousresearch).Theremightnotbeaneasyway to avoid thisdif�culty;

it seemsto bepartandparcelof thetask.
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Figure4.8 shows that the variationin reproducibilityacrossitems(papers)is

large: therearesomepapersthat areannotatedvery consistently, andothersthat are

not.

0.4 0.5 0.6 0.7 0.8 0.9 1
K
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No. of papers

Figure4.8:StudyI: Distributionof ReproducibilityValues

We tried to diagnosethe reasonsfor the low reproducibilityof somepapers.

Wehaveseveralhypothesesof whatcouldberesponsiblefor this:

1. Onefrequentproblemour annotatorsreportedwasa dif�culty in distinguish-

ing OTHER work from OWN work, dueto the fact that someauthorsdid not

expressa cleardistinctionbetweenpreviousown work (which, accordingto

our instructions,hadto be annotatedasOTHER) andcurrent,new work. Our

annotatorsreportedthat in somepaperstherearelong sectionsthatcannotbe

obviouslyattributedto eitherpreviousor currentwork becausetheauthorsdid

not make the distinctionclear. This wasparticularly the casewhereauthors

hadpublishedseveral papersaboutdifferentaspectsof onepieceof research

(cf. theideaof “smallestpublishableunit”, section3.2.3).

We suspectedthat the effect of mixing descriptionsof own andprevious re-

searchcouldbegaugedby theselfcitation ratio, i.e. theratio of self citations

to all citationsin runningtext. 5 paperscontainno self citationsandwerethus

put into onegroup.We divided the remainingpapersinto two equallysized

groups,onewith a high andonewith a low self citation ratio (the borderline

turnedout to beat18%of all citations).
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Figure4.9:StudyI: Effectof Self-CitationRatioon Reproducibility

Figure4.9 con�rms that paperswho quoteprevious own work only rarely or

not at all seemto be annotatedmostconsistentlyin our scheme.Subsequent

analysisshows thatpartof this effect canindeedbeattributedto a dif�culty in

distinguishingthecategoriesOWN andOTHER. In thegroupswith noselfcita-

tionsor alow selfcitationratio,wefoundthatreproducibilitydoesnot increase

toomuch(from K=.86 to K=.90andfrom K=.8 to K=.83) if OWN andOTHER

are collapsed,indicating that this distinction is not too dif�cult. In the high

self citationgroup,thereproducibilityincreasewasmuchhigher(from K=.71

to K=.85), indicatingthat the distinctionis moredif�cult in this group.This

might bedueto thefact thatpapersin the �rst group(andto a certaindegree,

in thesecondgroup)arestructuredin a simplerway, i.e., they might reporton

someisolatedpieceof research.However, theremight be other reasonswhy

theown new work is well-distinguishedfrom otherandown previouswork in

thesecases.

2. Thereis alsoadifferencein reproducibilitybetweenpapersfrom differentcon-

ferencetypes. Out of our 21 papers,4 werepresentedin studentsessions,4

camefrom workshopsandtheremaining13weremainconferencepapers.Fig-

ure 4.10shows that studentsessionpapersarethe easiestto annotate,which

mightbedueto thefactthatthey areshorterandhaveasimplerstructure,with

fewer mentionsof previous research.Main conferencepapersdedicatemore

spaceto describingandcriticizing otherpeople's work thanstudentor work-

shoppapers(onaverageaboutonefourthof thepaper).They seemto bemore

carefullypreparedthanworkshoppapers(andthuseasyto annotate);confer-

enceauthorsmustexpressthemselvesmoreclearlybecausethey arereporting
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Figure4.10:StudyI: Effectof ConferenceTypeon Reproducibility

�nished work to awideraudience.

3. Anotherpersistentproblemin somepaperswasthedistinctionbetweenOWN

andBACKGROUND. Thiscouldbeasignthattheauthorsof thesepapersaimed

their writing at an expert audience,andthusthoughtit unnecessaryto signal

clearlywhichstatementsarecommonlyagreedin the�eld, asopposedto their

own new claims.If apaperis writtenin suchaway, its understandingrequiresa

considerableamountof domainknowledge,which our annotatorsdid not nec-

essarilyhave. The problemhereseemsto be the samethat Manning (1990)

reportsfor humanabstractors:the productionof informative abstractsis dif-

�cult, becauseoneneedsto contrastthe �ndings of the text with thealready-

established�ndings in the �eld. The recognitionof thescienti�c contribution

of agivenpaperrequiresa lot of domainknowledgein the�eld, particularlyif

it is notsignalledwell in thepaper.

4.3.3.Study II

The only differenceintroducedin study II is the useof the full annotationscheme

insteadof thebasicone.

4.3.3.1.Method

Subjects: Thesameannotatorsasin studyI participatedin this study.

Materials: In principle, the materialsfor study II were similar to the materialsin

study I (cf. �gure 4.11).They consistedof 30 chronologicallyadjacentpapers(pa-

pers38–67).Paperswereexcludedif the �rst authorwasalreadyrepresentedin the
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materialsfor thegivenstudy(this wasthecasefor papers54, 55, 57). 5 paperswere

chosenastraining material(papers38, 39, 50, 51, 62). During the annotationphase,

anotherpaperturnedout to bea review paper;asbefore,wediscardedthispaperfrom

theanalysis.And �nally , in orderto comparetheperformanceof thetasked-untrained

annotatorsto beusedin studyIII to our task-trainedannotators,weneededtheir judge-

mentonthematerialschosenfor studyIII (papers4 and14).This resultedin 23papers

for annotation.For thestability experiment,we randomlychose7 papersout of these

23.

Typeof Material Papernumbers Sent.
Trainingmaterial 38,39,50,51,62 784
Annotationmaterial 4,14,40,41,42,43,44,45,46,47,48,49,

52,56,58,59,60,61,63,64,65,66,67
3449

Intra-annotatormaterial 14,41,43,44,52,58,65 1091

Figure4.11:StudyII: Materials

Procedure: Trainingandannotationprocedurewasasin studyI, exceptthattheanno-

tatorswereaskedto annotatewith thefull annotationscheme,repeatedin �gure 4.12.

Again,annotatorswereaskedto annotateabstractsaswell asall sentencesin thedoc-

ument,but notacknowledgementsentences.

BACKGROUND Generallyacceptedbackgroundknowledge

OTHER Speci�c otherwork

OWN Ownwork: method,results,futurework.. .

AIM Speci�c researchgoal

TEXTUAL Textual sectionstructure

CONTRAST Contrast,comparison,weaknessesof othersolution

BASIS Otherwork providesbasisfor own work

Figure4.12:StudyII: Overview of Full AnnotationScheme

Thewritten instructionsfor thatschemearereproducedin appendixC.2; they
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are20 pageslong. As the main decisioncriterion, they containthe decisiontreedis-

cussedin section3.3(�gure 3.21;p. 110).No specialinstructionsabouttheuseof cue

phrasesweregiven,althoughsomeof the examplesentencesgiven in the guidelines

containedcuephrases.

The annotatorsalreadyknew threeof the seven categoriesfrom studyI, and

thismightmighthavespedupthelearningprocesswith respecttocompletelyuntrained

annotators;however, astherewasagapof severalweeksbetweenthetwo experiments,

it is unlikely thatthisadvantagewassubstantial.

4.3.3.2.Resultsand Discussion

Theannotationschemeis stable(K=.82,.81,.76for all threeannotators;N=1091,k=2)

andreproducible(K=.71,N=3449,k=3). Becauseof theincreasedcognitivedif�culty

of thetaskin comparisonto studyI, thedecreasein stabilityandreproducibilityis ac-

ceptable.Annotationbetweenannotatorsvariesonly minimally: K=.70 (A, B); K=.70

(A, C) andK=.72 (B, C).
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Figure4.13:StudyII: OverallFrequency of Categories

Figure4.13shows therelative frequenciesof all sevencategories.Thetransi-

tion betweenthebasiccategoriesOWN, OTHER andBACKGROUND on theonehand,

andthe “non-basic”categoriesA IM, TEXTUAL, CONTRAST andBASIS on theother

is notaspronouncedasweexpected.

Again,variability in reproducibilityis large(cf. �gure 4.14),asit wasin studyI.

Even more so than in study I, thereseemsto be a bimodal distribution: there is a
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clusterof paperswith high reproducibility(K in therangeof .85),andanothercluster

of paperswith mediumreproducibility(K in therangeof .6).Similar explanationsfor

this divergenceas in study I are true heretoo: confusionbetweencurrentand own

previouswork canbemeasuredby self-citationratio (cf. �gure 4.15),andconference

typeis apredictorof overall reproducibility(cf. �gure 4.16).
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Figure4.14:StudyII: Distributionof ReproducibilityValues
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Figure4.16:StudyII: Effectof ConferenceTypeon Reproducibility
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Thereareproblemswhich arespeci�c to thenew categories:annotatorssome-

times�nd it hardto distinguishneutraldescriptionsof otherwork (OTHER) from de-

scriptionsof otherwork which expressauthorstance(CONTRAST andBASIS). Often,

contrastivestancewasnotexpressedopenly(cf. MacRobertsandMacRoberts's(1984)

explanationfor thisphenomenonin section3.2.2);in orderto decideif asentencewas

of category BASIS, annotatorsneededto interpretpossiblereasonsfor the positive

evaluationof otherwork.

A IM sentencescausedtheannotatorsproblemsin somecases;it canbedif�cult

distinguishingsentencesdescribinggeneralaimsin the�eld fromthespeci�c goalsof a

paper. All annotatorsperceivedTEXTUAL sentencesasthecategorywhichwaseasiest

to annotate.
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Figure4.17:StudyII: Diagnostics,Non-BasicCategories

Figure4.17reportshow well thefour non-basiccategoriesweredistinguished

from all othercategories,measuredby Krippendorff 'sdiagnosticsfor categorydistinc-

tions.Whencomparedto theoverall reproducibilityof .71,we noticethattheannota-

torsweregoodatdistinguishingA IM andTEXTUAL. This is animportantresult:A IM

sentencesconstitutethesinglemostimportantcategory in our schemeasthey provide

the bestcharacterizationof the researchpaperin a documentretrieval context. An-

notationperformanceon A IM sentencescanbe comparedto resultsof free-selecting

experimentswheresubjectswereasked to identify “most relevant” sentencesfrom a

paper;traditionally, low agreementis reportedfor suchtasks(Rathetal., 1961).

Theannotatorswerelessgoodat determiningBASIS andCONTRAST. In sec-

tion 3.2.5,we saw that thereis large variation in the syntacticrealizationof meta-

discoursesignallingcategoriessuchasBASIS andCONTRAST, which makesit harder

to �nd them.Anther reasonmight have to do with the locationof thosetypesof sen-

tencesin the paper:whereasA IM andTEXTUAL areusually found at the beginning

or endof the introductionsection,CONTRAST, andevenmoreso BASIS, areusually
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interspersedwithin longerstretchesof OWN. As a result,BASIS andCONTRAST are

moreexposedto lapsesof attentionduringannotation.

If high reliability wasour priority, theannotationschemecouldbesimpli�ed

by creatinga new category which collapsesCONTRAST, OTHER andBACKGROUND.

This would causethereproducibilityof theschemeto increaseto K=.75. Structuring

our trainingsetin thiswayseemsto beanacceptablecompromisefor our taskassuch

a schemewould maintainmostof the distinctionscontainedin the basicannotation

scheme,while alsocategorizingA IM, TEXTUAL andBASIS sentences.

Figure4.18shows theconfusionmatrixbetweentwo annotators.Thediagonal

shows the decisionsin which they agree,all othercells show decisionswherethey

disagree.Theconfusionmatrix is anothertool apartfrom Krippendorff 's diagnostics

for detectingweaknessesin annotationschemes.Onecanseethat the only category

thatA IM sentencesareconfusedwith areOWN sentences—whatbothcategorieshave

in commonis that they describeown work. Thedecisionof whetheror not to assign

an A IM label to sucha sentenceis a type of relevancejudgement.CONTRAST sen-

tencesareoftenconfusedwith OWN sentences.This is natural,ascontrastsentences

often compareown andotherwork: annotatorshave to judgewhich aspect(own or

other)is moredominant,which canbehardin somecases.BACKGROUND sentences

areconfusedwith OTHER andOWN sentences,asdiscussedabove;wesuspectthatthe

confusionwith CONTRAST sentencesoccurswhena failureof somegeneralmethod

in the �eld is discussed.ConfusionbetweenOTHER andCONTRAST is often dueto

differentjudgementof authorstancevs. neutralityexpressedin thesentences.BASIS

sentencesaremostlikely to beconfusedwith eitherOTHER sentences(authorstance

vs. neutrality),or with OWN sentences,whenthe annotatorsdisagreeasto if an as-

pectof the own work hasbeencontributedby prior work or is �rst describedin the

currentarticle.AppendicesB.5 andB.6 show theexamplepaperannotatedby Anno-

tatorsA andB; thepreviouslyshown �gure 3.23(p. 113)actuallygivesAnnotatorC's

annotationof theexamplepaper.

Figure 4.19 shows how well one annotatorcan predict anotherannotators'

choiceof non-basiccategories.TakingAnnotatorB'sdecisionsof acertaincategoryas

goldstandard,recallreportshow many of thoseinstancesAnnotatorC found,andpre-

cisionreportshow many of theinstancesthatAnnotatorC categorizedasthatcategory,

really turn out to beof thatcategory (by AnnotatorB's judgement).That is, precision

measureshow con�dentwecanbewith theresultset,whosesizeis measuredby recall.

AnnotatorC achievesa precisionandrecallof almost80%on TEXTUAL sen-
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tences,and72%precisionand56%recall for A IM sentences.Thesevaluesaremuch

higherthansimilar valuesreportedin earlierresultsfor overall relevance(Rathet al.,

1961).We believe thatour task,givendetailedguidelines,is indeedeasierandbetter

delineatedthanthedirectdeterminationof globally relevantsentences.

AnnotatorB

A IM CTR TXT OWN BKG BAS OTH Total

A IM 35 2 1 19 3 2 62

CTR 86 31 16 23 156

TXT 31 7 1 39

AnnotatorC OWN 10 62 5 2298 25 3 84 2487

BKG 5 13 115 20 153

BAS 2 18 1 18 14 53

OTH 1 18 2 55 10 1 412 499

Total 48 173 39 2441 170 22 556 3449

Figure4.18:StudyII: ConfusionMatrix betweenAnnotatorsB andC

A IM CTR TXT OWN BKG BAS OTH

Precision 72% 50% 79% 94% 68% 82% 74%
Recall 56% 55% 79% 92% 75% 34% 83%

Figure4.19:StudyII: C'sPrecisionandRecallperCategory if B is GoldStandard
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4.3.4.Study III

StudyIII usesa differentsubjectpool thanstudiesI andII. Theannotatorsusedhere

are not acquaintedwith our scheme;they are only given somegeneraldescriptions

aboutthesemanticsof thecategories.

4.3.4.1.Method

Subjects: 18 subjectswith no prior annotationtraining werechosenfor the second

experiment.All of themhave a graduatedegreein Cognitive Science,with two ex-

ceptions:onewasa graduatestudentin Sociologyof Science,andoneholdsa master

degreein EnglishandSpanishLiterature.It canbe assumedthat all the subjectsare

usedto readingscienti�c articles,in thecourseof their daily work or studies,though

thenon-CognitiveScientistsmighthavecomeacrosslesstechnicalarticles.

Materials: We randomlychosethreepapers(papers4, 14 and52) out of thepool of

thosepapersfor whichour trainedannotatorshadpreviouslyachievedgoodagreement

in studyI or in studyII (at leastK=.65). The reasoningbehindthis wasthat the task

seemedcognitively dif�cult consideringthe lack of training, so we wantedto give

our annotatorslesscontroversial materials.One of the threepapers(paper14) had

previously resultedin muchlower reproducibility(K=.67,N=205)thantheothertwo

(K=.85,N=192for paper4; K=.87,N=144for paper52).

Procedure: Eachannotatorwasrandomlyassignedto a groupof six, all of whom

independentlyannotatedthe samesinglepaper:groupI annotatedpaper4, groupII

paper14 andgroupIII paper52. Subjectsweregiven minimal instructions(1 page;

appendixC.3),andthedecisiontreein �gure 3.21(p. 110).

4.3.4.2.Resultsand Discussion

The resultsshow that reproducibility varies considerablybetweengroups(K=.49,

N=192, k=6 for group I; K=.35, N=205, k=6 for group II; K=.72, N=144, k=6 for

groupIII). As Kappais designedto abstractover thenumberof annotators,lower re-

liability in studyIII ascomparedto studiesI andII is not an artifact of how K was

calculated.

We mustconcludethatour very shortinstructionsdid not provide enoughin-

formationfor consistentannotation;somesubjectsin groupsI andII did not under-
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Figure4.20:StudyIII: ReproducibilityperGroupandperSubject

standtheinstructionsasintended.Partof thelow reproducibilityresultsin groupI and

groupII wasdueto amisunderstandingataverysuper�cial level. Many subjectsmis-

interpretedthe semanticsof the TEXTUAL category asincludingsentencesthat refer

to �gures andtablesin the text. This misunderstandingis easilyrecti�able for future

experiments,but still decreasedthereliability valuesin thisexperimentconsiderably.

Partof thelow reproducibilityresultcanbeattributedto thepapersthemselves:

groupIII, which annotatedthe paperfound to be mostreproduciblein studyII, per-

formedalmostaswell as trainedannotators;group II, which performedworst, also

happenedto have thepaperwith thelowestprior reproducibility.

Figure4.20showsreproducibilityfor themostsimilar threeannotatorsin each

group,successively addingthenext similar annotatorto thepool.We canseethat the

performancebetweensubjectsvariesmuchmorein groupsI andII thanin groupIII,

whereall annotatorsperformedmoreor lesssimilarly well. Within eachgroup,there

is a subgroupof “more similar” annotators.In groupsI andII, themostsimilar three

annotatorsreachedarespectablereproducibility(K=.63,N=192,k=3for groupI; K=.5,

N=205,k=3 for groupII). This result,in combinationwith the goodperformanceof

groupIII, seemsto point to the fact that theannotatorsdid have at leastsomeshared

understandingof themeaningof thecategories.

Thetwo subjectsin studyIII who hadno trainingin computationallinguistics

(subjectsIa and IIa) performedreasonablywell: althoughthey werenot part of the
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circle of themostsimilar threesubjectsin their groups,their annotationalsowasnot

theoddoneout.

4.3.5.Signi�cance of Reliability Results

Thereproducibilityandstability valuesfor Argumentative Zoningmeasuredin these

studiesdonotquitereachthelevelsfoundfor, for instance,thebestdialogueactcoding

schemes(aroundK=.80). Our annotationrequiresmoresubjective judgementsandis

possiblymorecognitively complex. Thereproducibilityandstability resultsachieved

with trainedannotatorsarein the rangewhich Krippendorff (1980)describesasgiv-

ing marginally signi�cant resultsif two codedvariableswerecorrelated.Of course,

our requirementsareratherlessstringentthanKrippendorff 's becauseour annotation

involvesonly onevariable.On the other hand,annotationis expensive enoughthat

simplybuilding largerdatasetsis notanattractiveoption.Overall,we�nd thelevel of

agreementwhichweachievedacceptable.

Thesinglemostsurprisingresultof theexperimentsis thelargevariationin re-

producibilitybetweenpapers.Intuitively, thereasonfor thisarequalitativedifferences

in individualwriting style—annotatorsreportedthatsomepapersarebetterstructured

andbetterwritten thanothers,andthat someauthorstendto write moreclearly than

others.It would be interestingto compareour reproducibilityresultsto independent

quality judgementsof thepapers,in orderto determineif our experimentscanindeed

measuretheclarity of scienti�c argumentation.

Weareparticularlyinterestedin thequestionif shallow (humanandautomatic)

informationextractionmethods,i.e.thoseusingnodomainknowledge,canbesuccess-

ful in a tasksuchasArgumentative Zoning. The experimentsreportedin this chap-

ter were in part conductedto establishan upperboundfor the automaticsimulation

of the task.We believe that argumentative structurehasenoughreliablelinguistic or

non-linguisticcorrelatesonthesurface—physicallayoutbeingoneof thesecorrelates,

alongwith linguistic indicatorslike “to our knowledge” andthe relative orderof the

individual argumentative moves.Thefact that the two non-computationallinguistsin

thesubjectpoolperformedreasonablywell is remarkableasthestrategy thatthey must

haveusedfor ArgumentativeZoningcouldnot have includedany domainknowledge.

This result�ts in nicely with thereasoningbehindour approach:the implementation

of Argumentative Zoning introducedin thenext chapteris basedon our belief that it

shouldbepossibleto detecttheline of argumentationof atext in ashallow, robustway.
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In theframework of constructingpracticalgold standardsfor our task,there-

sultsof studyII arepositiveasthey tell usthattrainingmaterialgainedby ourmethod

of humanannotationis in principlereliable.With respectto areductionof theeffort for

producingthegoldstandards,theoutcomeof studyIII wasdisappointing,asit implied

that the effort cannotbe reducedby simply shorteningthe training proceduredrasti-

cally. Oneof the two post-analysesreportedin the next sectionlooks at a different

way to reducetheeffort. It determinestheeffect of a reductionof thetextual material

in eachpaperwhich is annotated.The otherpost-analysislooks at the argumentative

structureof theauthor-writtenabstracts.

4.4. Post-Analyses

After the reliability studieshad recon�rmed that the annotationcan in principle be

donereliablyby trainedannotators,AnnotatorC annotatedtherestof thecorpus.This

annotationis usedassystemtraining materialin chapter5, andit alsoservesfor the

two post-analysesreportedhere.

4.4.1.Ar gumentativeStructure of Author Abstracts

Wewantedto establishto whatextenttheauthorabstractsdifferedwith respectto their

rhetoricalstructure.Wethereforelookedatdifferentcompositionsof abstractsin terms

of argumentativezones.

In the 80 papers,we found 40 different patterns,28 of which were unique.

Figure4.21lists all non-uniqueargumentative patternsin theabstractsof our corpus.

Thelargevariability recon�rmsoursuspicionin section4.1.2.2thattheauthorsdid not

usea commonbuilding planwhenthey wrotetheir abstracts,in sharpcontrastto how

professionalabstractswrite their abstracts(Liddy, 1991).The compositionof author

abstractsseemsa matterof individualchoice.

The combinationA IM – OWN is the singlemostprototypicalargumentative

structurewe found.29%of theabstractsin ourcorpusconsistof this pattern.Suchan

abstractgivesthe main goal of the paper, typically followed by moredetailedinfor-

mationaboutthe solution.But the A IM – OWN patternalsoappearsaspart of other

abstracts:73%of all abstractscontainit in directsequence,andanadditional8% con-

tain it interruptedby oneotherargumentativezone.A reasonfor thepredominanceof
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Abstractstructure Count
A IM – OWN 23
BACKGROUND – A IM – OWN 6
OTHER – A IM– OWN 3
A IM – CONTRAST – OWN 3
OTHER – CONTRAST – A IM 3
OTHER – A IM 2
A IM – OWN – CONTRAST 2
A IM – OWN – A IM 2
A IM – OWN – BAS – OWN 2
BACKGROUND – CONTRAST – A IM – OWN 2
OWN – A IM – OWN 2
BACKGROUND – A IM 2

Figure4.21:TypicalAbstractStructures
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Figure4.22:Distributionof Numberof ArgumentativeZonesin Abstracts

this patternmight befoundin thecommunicative functionof theabstract:it is impor-

tant for the successof a scienti�c article that the knowledgeclaim be establishedin

cleartermsat theearliestpoint of contactwith the reader. This alsoexplainsthe low

frequency of zonesreferringto otherresearchers'work in theabstract.

A IM sentenceson their own have an importantfunction in the abstract;only

oneof ourabstractsdoesnotcontainany A IM sentences.

Anotherphenomenonconcernsthelengthof theabstracts.Theaveragenumber

of sentencesperabstractis 4.5; theaveragezonein theabstractis only 1.5 sentences

long.Thedistributionof abstractlength,measuredin numberof argumentativezones,

isgivenin �gure 4.22.Mostabstractscontainonly2or3argumentativezones(average:

2.95).That is, the authorabstractsin our corpusdo not cover enoughargumentative

zonesto beusefulfor documentcharacterization,apartfrom thefactthattheirstructure
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is very heterogeneous.This recon�rms our hypothesisfrom section4.1.2.2:author

abstractsdo notprovidegoodgoldstandardsfor ArgumentativeZoning.

4.4.2.Reductionof Annotation Ar eas

Annotatingtexts with our schemeis time-consuming,sowe wantedto testif the an-

notationof only partsof thesourcetexts (which would certainlyincreaseef�ciency)

wouldstill resultin reliablehand-annotatedtrainingmaterial.

In general,we expectmostof thenon-basiccategories(which carry themost

informationfor our task)to belocatedin theperipheryof thepaper. For example,the

TEXTUAL zonemakesmostsenseat the endof the introduction.If an introduction

sectionis rich in non-basiccategories,it probablydisplaysa miniatureargumentative

structureof thewholepaper, which is generallyheldto bea goodstrategy for writing

introductions(Swales,1990;Manning,1990).Similarly, theabstractandconclusions

of sourcetexts are often consideredas “condensed”versionsof the contentsof the

entirepaper. It is thusplausiblethat thesesectionscouldcontributemore“importan-

t” sentencesto the gold standard.Additionally, one could expect theseareasto be

amongstthemostclearlywritten andinformationrich sectionsin apaper.

In the following study, sectionsentitledMotivation, Backgroundor Summary

aretreatedasif they werecalledIntroductionor Conclusions, respectively. As Discus-

sionsectionscontainmorespeculativematerial,wedonottreatthemlikeConclusions.

Many papersdo not containexplicit rhetoricalsections,so we alsoreportvaluesfor

approximationsof thesesections:the �rst andlastone�fth (andonetenth/twentieth)

of thepaper.

Theabstracthasaspecialstatus.As it is notclearif theabstractitself wouldbe

availablefor extractionin atypicalpracticalscenario,wealsoreportresultsfor aligned

abstractsentences,asdiscussedin section4.1.2.2.

We testthehypothesisthat the reproducibilityin thesespecialareasis higher

thantheoverall reproducibility. If it turnedout to bethecase,we couldeitherreduce

annotationto theseareas,or usesentencesfrom thoseareasas“best �llers” to a slot

(cf. section4.1.3).

Resultsare given in �gure 4.23: only someof the supposedly“good” areas

for annotationrestrictionshow an increasein reliability, namelyonly Abstract and

Conclusions. Thesetwo sectionshavetheclearestsummarizationfunctionof theentire

article.Theeffect thatabstractsaremoreconsistentlyannotatedis evenstrongerin the
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Figure4.23:Reproducibilityby Areas

basicscheme(not shown here):reproducibilitywithin abstractsshows the very high

valueof K=.92. This meansthatauthorsmake particularlyclearin the abstractwhat

theirown contributionsare.

All otherareasactuallyshow a lower reproducibilitythantheaverage.This is

true in particularfor theareasde�ned by absolutelocation(e.g.the last1/20).These

areasarethereforenot a goodapproximationto Conclusionstypematerial.It looksas

if thelast few linesin papersthatdo not haveanexplicitly markedconclusionsection

shouldnot be consideredat all—thesesentencesdo not contribute “summary” type

information.The Introductionsectionshows a slight decreasein reproducibility, and

locationapproximationsof introductionsectionsalsoperformbadly. Reproducibility

is considerablylower in alignableabstractsentencesthanin the abstractitself. This

is consistentwith our observation in section4.1.2.2that the rhetoricalstatusof the

alignedabstractsentencesis oftendifferentfrom thestatusof thecorrespondingdocu-

mentsentences.

But thereis a secondpoint we have to take into accountwhenrestrictingthe

areasfor gold sentenceselection:it is alsonecessaryto cover all argumentative cate-

gories,asdiscussedin section4.1.3.Obviously, any strategy of annotationrestriction

will give us fewer gold standardsentencesper paper, so it is an empiricalquestion

whethertherearestill enoughcandidatesentencesfor all sevencategories.

Somedocumentsdo not even containall argumentative zones.In our data,

eachdocumentcontainsat leastoneA IM sentence(this is requiredin theguidelines);
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Figure4.24:Non-BasicAreasby Categories;AbsoluteValues

almostevery documentcontainsat leastone CONTRAST sentence(3 documentsdo

not, i.e. 4% of our corpus).However, the useof TEXTUAL zonesseemsto depend

muchmoreonpersonalwriting style.26% of thedocumentsdonotcontainTEXTUAL

zones.As thepapersareconferencepapersandthusrathershort,authorsdid notalways

perceive the function of explicitly previewing the textual presentationas necessary.

Similarly, BASIS sentencesarenotpresentin 20%of thepapers.However, thepresence

or absenceof BASIS sentencesseemsto have lessto do with writing style andmore

with thetypeof researchdone.

The valuesin �gure 4.24show absolutenumbersfor the occurrenceof non-

basiccategoriesin specialareas.For example,we can seethat thereare not many

alignableabstractsentencesanywherein the document—agold standardde�ned by

alignablesentencesonly would thusresultin badoverall coverage,aswehaveargued

in section4.1.2.2.

Figure 4.25 shows which categoriescan be found in a given area,and �g-

ure 4.26shows in which areasa given category canbe found.We seethat somear-

easshow a particularly low variability with respectto categories.Conclusions,for

example,mainly consistof OWN sentences,with occasionalA IM and CONTRAST

sentences.Conclusionscapitalizeon theoverall researchprocess:they highlight own
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Figure4.25:Areasby Categories;RelativeValues

contribution, relevanceof results,limitations, future work, andadvantagesover rival

approaches.For sometasks,this type of informationmight be enough;however, we

predictthatit wouldnotbeenoughfor ours.

The relatively high proportionof A IM sentencesfound in abstractswould be

advantageousfor our task.However, evenif weconsideredconclusionand(alignable)

sentencestogether, coveragewould still be low for certaincategories,e.g. BACK-

GROUND, BASIS and TEXTUAL. All of thesecategoriescan be found in the intro-

duction.It is thevarietyof argumentative categoriesin the introductionwhich makes

annotationof this sectionmoredif�cult (cf. thecomparatively low reproducibilityin

�gure 4.23),but alsomorerewardingfor our task.

A compromisebetweentimeef�ciency andquality is to annotateabstracts,in-

troductionsandconclusionswhereavailable,and�rst andlastparagraphsasafall back

option.The price to be paid for this ef�ciency is in coverageandcomparability. An-

notatedmaterialoccurringin thelargeareamarked“Middle” or “Rest” (all document

areasexceptalignablesentences,introductionandconclusions;black in �gure 4.26),

includingBASIS, would getlost.Also, we cannotbesurethata givenpaperis written

in a modularway, i.e. that it reiteratesimportantmaterialfrom themiddleof thedoc-

umentin theperiphery—somedo not repeatinformationintroducedfrom theabstract

in theintroductionsection(cf. section4.1.2.2).This is anotherreasonwhy thequality
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of area-reducedannotationmight belower thanunrestrictedannotation.

In sum,the annotationeffort canbe reducedby restrictingthe annotationto

certainareaswithin a paper, but sucha restrictionhasits price in quality of the gold

standards.Onecouldrestricttheannotationto sentencesappearingin theintroduction

section,even thoughannotatorswill �nd themharderto classify, or to all alignable

abstractsentences,even if therearenot many of themoverall, or to conclusionsen-

tences,even if the coverageof differentargumentative categoriesis very restricted.

The implicationsfor Argumentative Zoning gold standardsarethat the advantageof

timesavingshave to beweighedagainsttaskconsiderationsin theconcretescenario.

4.5. Conclusion

In the �rst sectionof this chapterwe discussedthe questionhow a practicalgold

standardfor a task like Argumentative Zoning could be constructed,and how its

valuecouldbe evaluated.This discussionled to a list of desiredpropertiesof a gold

standard—someof whicharedif�cult to achievewith asurface-basedevaluationstrat-

egy likeours.Wehavediscussedwhy simplergoldstandards,suchastargetskeysand

free-selectedsentences,arenot suf�cient in our text type andtask.In particular, we

havearguedthatsimilarity with abstractsentencesdoesnot automaticallyconstitutea

goodgold standard;evidencepresentedin section4.4.1con�rms this argument.Our

methodologyfor arriving atagold standardrelieson humanjudgementsof everysen-
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tencein thedocument.Wedecidedto conductreliability studiesto measurethedegree

of humanagreementon thetask.

In section4.2,we advocatetheKappacoef�cient asa measurefor annotation

similarity. The main part of the chapter(section4.3) presentsthe experiments:they

demonstratethat the annotationschemecanindeedbe learnedby trainedannotators

andsubsequentlyappliedin aconsistentway. In particular, studyI showsthatthebasic

annotationscheme,which distinguishessentenceson thebasisof attribution of scien-

ti�c authorship,is particularlyreliable,bothover time aswell asbetweenannotators.

This is important,asthe conceptof intellectualattribution is new andcentralto our

modelof argumentation(cf. section3.2).

Study II examinesArgumentative Zoning (i.e. it usesthe full annotation

scheme).It shows that the two most importantadditionalcategories,A IM andTEX-

TUAL, areannotatedreliably, but we identi�ed someminor dif�culties with the two

categoriesBASIS and CONTRAST. As the reliability of the full scheme(as usedin

studyII) is still acceptable,we decidedto usetheannotatedcorpusasour gold stan-

dard.Thiscorpusis to beusedfor traininganautomaticArgumentativeZoningsystem,

andalsofor intrinsic evaluation.

StudyIII tentatively con�rms the intuitivity of the categoriesof the scheme,

but alsoshows thatArgumentative Zoning is a complex taskwhich requiresa certain

training period in order to be performedconsistently. In particular, our resultsshow

that very shortannotationinstructionsdo not provide enoughinformationfor Argu-

mentativeZoning.

In section4.4.1we report the resultsof two post-analyses.One looks at the

argumentative zonesfound in authorabstractsandrecon�rms that they cannotbedi-

rectlyusedasgoldstandard.Theotherinvestigatesthepossibilityof restrictionsof the

practicalannotationeffort by annotatingonly partsof papers.Our hypothesisthat the

reliability of theannotationin specialareasof thepaperwould behigherin compari-

sonto thereliability achievedoverallhasnotbeencon�rmed in all cases.Thebestgold

standardis achievedwhenthe entirepaperis annotated,thoughwe have givensome

alternativesfor caseswhensuchannotationmightseemtoocostly.





Chapter 5

Automatic Ar gumentative Zoning

In this chapter, we will describeonemethodfor solving the task of Argumentative

Zoning automatically. As previously detailed,the task is to determinethe bestargu-

mentative category for eachsentence,out of a �x ed list of sevencategories.We have

alreadydiscussedhow we collectedhumanjudgementsaboutthe argumentative cat-

egory for eachsentencein our corpus.In this chapter, we will reporton a prototype

systemwhich, on the basisof algorithmicallydeterminablefeaturesof the sentence,

learnsthecorrelationbetweenthehumanjudgementsandthefeatures.An alternative

systemdeterminesargumentativezonesin a rule-basedway. In thefollowing, we will

giveanoverview of thede�nition of thefeaturesandof theimplementation,followed

by resultsof anintrinsic evaluation.

5.1. Overview of Automatic Ar gumentativeZoning

Figure5.1 givesan overview of the processesinvolved in automaticArgumentative

Zoning.Beforetheexperiment,thefollowing stepshadto beperformed:

& 1. Feature de�nition: Sententialfeatureshadto be determinedwhich we ex-

pectto correlatewith argumentative status.It is importantthat thesefeatures

canbeeasilydeterminedautomatically. Our choiceof featuresis describedin

section5.2.

& 2. Humanannotation: As alreadydiscussed,a gold standardis needed,in our

casein theform of humanannotationof argumentative categories(cf. 4). The

annotationis usedfor trainingandfor evaluation.
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Thestatisticalsystemconsistsof atrainingandatestingphase.Duringtraining,

thefollowing stepsareperformed:

' 3. Preprocessing: Eachdocumentin thetrainingcorpusis preprocessedinto a

machinereadableformat with minimal mark-up,e.g.divisionsandheadlines

aremarked(cf. section5.3.2).

' 4. Feature determination: For eachsentencein the trainingcorpus,valuesfor

eachof thesententialfeaturesaredeterminedautomatically(cf. section5.3.3).

' 5.Statisticaltraining. Severalstatisticalclassi�ersareusedfor statisticalmodel

building, determiningthecorrelationbetweensententialfeaturesandargumen-

tativezones(cf. section5.3.4).

Testing,i.e. the applicationof the statisticalmodel to a new (test) document,uses

preprocessingandfeaturedeterminationin the sameway asduring training. This is

followedby astepof

' 6. Statisticalclassi�cation: Using the model acquiredin the training phase,

eachsentenceis classi�edby its mostlikely argumentativestatus.

Alternatively, thereis alsoa differentsystemfor ArgumentativeZoning:

' 7. Symbolicrules: Theserulesoperateon therepresentationderivedin thefea-

turedeterminationstep(cf. section5.3.5).

We comparehuman-annotatedtestdocumentsagainsttheoutputof thesymbolicand

thestatisticalArgumentativeZoningsystemsin theevaluation:

' 8. Intrinsic Evaluation:Somepartsof the training corpusaresingledout for

testing(i.e. they arenotusedfor training).Thesystemoutputis thencompared

with thehumanclassi�cation(cf. sections5.4.1and5.4.2).

Finally, theoutputof thesystemshasto bedisplayed:

' 9. Postprocessing: Theoutputof theautomaticandthehumanannotation,and

theoutputof theautomaticfeaturedetermination,aretransformedinto HTML

(usingcascadingstylesheets)sothatthepaperplusall of its annotationcanbe

displayedin anHTML browser, eg. Netscape.
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F0: 0
F1: "this paper"
F3: middle
F2: 1
F4: 1

F0: 2
F1: "we will"
F3: top
F2: 0
F4: 1

Symbolic System

Cmp-lg
archive

Models
Statistical

Training corpus Test document

Statistical System

Evaluation

Statistical Training

Human Annotation Feature Determination

Preprocessing

Postprocessing

Statistical Classification Symbolic Rules

Figure5.1:Overview of our Implementationof anArgumentativeZoner

Anotheroverview of this rathercomplex setupis given in �gure 5.2, which

concentratesontherepresentationsof thecorpusatdifferentstagesof processing.The

documentsaretaken from the sourcearchive in two formats(LATEX andPostScript).

ThePostScriptversionsareprintedout andhand-annotated,thecorrespondingLATEX

versionsareconvertedinto XML. They constitutethe trainingmaterialfor automatic

Argumentative Zoning. After the training corpushasbeenautomaticallyannotated,

intrinsic evaluationis measuredby theKappastatistics,andpostprocessingproduces

web-browsableHTML representationsof theoutputof seenandunseenpapers.
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Figure5.2:DataFlow in theArgumentativeZoner

5.2. Corr elatesof Ar gumentativeStatus

Theargumentative statusof a sentenceis a propertythat is too dif�cult to determine

directly algorithmically. Instead,we de�ne heuristicswhich measurehow appropriate
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it is to assignagivenargumentativezoneto asentence.For thisend,weneedto de�ne

operationallytractablecorrelates(sententialfeatures)whichcapturesomecharacteris-

tic aspectof thatsentence'sargumentativestatus.

It is generallyassumedthat appropriatecorrelatesexist for similar tasks.For

example,humansummarizersareguidedby sententialfeatureslike locationandthe

occurrenceof certaincuephraseswhenthey determineimportanceof a textual seg-

ment(Cremmins,1996);andthe text extractionliteratureprovidesus with a pool of

suchfeatures(heuristicmeasures)for sentencerelevance(Paice,1990;Luhn, 1958;

Baxendale,1958;Edmundson,1969;Kupiecetal., 1995).

Thetaskof Argumentative Zoningmovesaway from theconceptof sentence

relevancetowardsa new conceptof argumentative status.Our annotationschemecan

beinterpretedasencodingdifferenttypesof relevance.We havede�ned four different

kinds of sentenceswhich areparticularly importantfor the global argumentationof

the paper(the non-basiccategories),andthreecategorieswhich provide background

information.All of theseareimportantfor differentreasons.We have assumedsofar

thattherearecorrelatesof this argumentativestatusin our texts which canbereadoff

thesurface.

It might well bethat thefeatureswhich areusefulfor our taskdiffer from the

onesusedfor determiningglobalrelevance.Figure5.3givesanoverview of ourfeature

pool.Someof thefeaturesweuse(theContent,Explicit Structure,AbsoluteLocation,

FormulaicandSentenceLengthfeatures)areborrowedfrom thetext extractionlitera-

ture,but in somecases,changeswerenecessary;theFormulaicfeature,for example,

is anelaborationof similar, simplerfeaturesusedpreviously. We alsousefeaturesnot

typically usedfor text extraction,namelytheSyntactic,CitationandAgentivity Fea-

tures;asfar aswe know, wearethe�rst to de�ne thesefor any task.

Whende�ning the features,we tried to make themmaximally distinctive. In

order to do so, we usedinformationprovided in contingencytables. A contingency

tablelists thevaluesof a givenfeaturewith its countsin thecorpus,cf. �gure 5.4.

Distinctive featureshave heterogeneous(skewed) distributions, i.e. distribu-

tionswhichdifferasmuchaspossiblefrom theoveralldistributionof categories.There

arestatisticalmeasuresfor this heterogeneity, e.g.g-score(Dunning,1993). In sec-

tion 5.3.3,we will provide thecontingency tablesfor eachof our features;theuseof

contingency tablesfor statisticalclassi�cationwill bediscussedin section5.3.4.
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Type Name Featuredescription Featurevalues

Content
Features

Cont-1 Doesthesentencecontain“signif-
icantterms”asdeterminedby the
tf/idf measure?

Yesor No

Cont-2 Doesthe sentencecontainwords
alsooccurringin thetitle or head-
lines?

Yesor No

Absolute
location

Loc Positionof sentencein relationto
10 segments

A-J

Explicit
structure

Struct-1 Relative andabsolutepositionof
sentencewithin section(e.g. �rst
sentencein sectionor somewhere
in secondthird)

7 values

Struct-2 Relative position of sentence
within aparagraph

Initial, Medial,Final

Struct-3 Type of headlineof currentsec-
tion

16 prototypical headlines
or Non-Prototypical

Sentence
length

Length Is thesentencelongerthana cer-
tain thresholdin words?

Yesor No

Verb
Syntax

Syn-1 Voice (of �rst �nite verb in sen-
tence)

Active or Passive or
NoVerb

Syn-2 Tense(of �rst �nite verb in sen-
tence)

9 simple and complex
tensesor NoVerb

Syn-3 Is the�rst �nite verbmodi�ed by
modalauxiliary?

Modal or no Modal or
NoVerb

Citations Cit-1 Doesthe sentencecontaina cita-
tion or thenameof anauthorcon-
tainedin thereferencelist?

Citation, Author Name or
None

Cit-2 Doesthe sentencecontaina self
citation?

Yesor No or NoCitation

Cit-3 Locationof citationin sentence Beginning,Middle, Endor
NoCitation

Formulaic
expressions

Formu Type of formulaic expressionoc-
curringin sentence

20 Typesof FormulaicEx-
pressions+ 13 Types of
Agentsor None

Agentivity Ag-1 Typeof Agent 13 different types of
Agentsor None

Ag-2 Type of Action, with or without
Negation

20 different Action Types
X Negated/Non-negated,
or None

Figure5.3:Overview of FeaturePool
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Paragraph(Struct-2 ) A IM BAS BKG CTR OTH OWN TXT Total
Initial 117 92 267 135 601 2532 73 3817
Medial 56 87 306 289 971 3779 68 5556
Final 34 47 147 172 442 2125 82 3049
Total 207 226 720 596 2014 8436 223 12422

Figure5.4:A Contingency Table:ParagraphFeature

Anotherdesiredpropertyis coverage(asopposedto peakiness). Somefeatures

are strongindicatorsof a certaincategory, but occur very rarely in the corpus.For

theaveragesentence,sucha featurewould not beof helpfor classi�cation.Moreover,

suchfeatureslead to over-�tting , a problemwhich occurswhen featuresencodeid-

iosyncrasiesof thetrainingdatawhichareaccidentalto thedata.Thefeaturewill then

not provide useful informationfor unseen,but similar data.An examplefor a peaky

featureis theoccurrenceof thephrase“ in thispaper” in asentence.Evenlydistributed

features(e.g.verb tense)have a highercoverage,i.e., they canbe morereliably esti-

matedfrom text. They typically do not give strongindications,but many of themin

combinationmight in�uence the statisticalclassi�cation into the right direction.We

have tried to �nd a compromisebetweenfeaturesthat are peaky and thosethat are

evenlydistributed.

Thechoiceof thevaluesfor thefeaturesis not independentof theclassi�cation

methodchosen.We initially followedKupiecet al. (1995)in usinga Naive Bayesian

classi�er. Later, we usedotherclassi�ers,but the original designof the featureswas

in�uenced by the intentionto usethemin a Naive Bayesianclassi�er. This classi�er

demandsthat featuresmusthave discontinuousvalues,andin practiceit alsoimplies

that featurevaluesall fall into a small setof distinct values.Too many valuesmight

in�uence classi�cation resultsnegatively as theremight not be enoughtraining ma-

terial availablefor the rarevalues.Thus,we often hadto clustervaluesinto classes;

we did somanually. Anotherlimitation is thatNaive Bayesallows only onevalueof

a featureper classi�ed item. Additionally, Naive Bayesassumesthat the featuresare

statistically independentof eachother, so we tried to identify featureswhich would

classifysentencesinto certaincategoriesfor reasonsdifferentfrom theotherfeatures

in thefeaturepool.
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5.2.1.Traditional Features

5.2.1.1.Content Features

Theassumptionbehindthecontentfeaturesis thatconcepts(approximatedby textual

strings)arerepresentationsof thesemanticsof thetext spanin thecontext of theover-

all document.Dif ferentcontentfeaturesmight differ in exactly how they determine

themostsalientconceptsin a text span.Contentfeaturesareusedin mostof today's

sentenceextractors,i.e. for determiningglobalsentencerelevance.

The two contentfeatureswe usearedifferentfrom theotherheuristicsin our

pool in that they concentrateon subjectmatterratherthanmorestructuralor rhetoric

cues.We hypothesizedthatcontentfeaturesshouldbe lessimportantfor Argumenta-

tiveZoningthantheotherfeatures,asit is not immediatelyobvioushow thefactthata

certainsentencecontainscharacteristicsubject-matterkey wordswouldhelpdetermine

its argumentativecategory.

Term Frequency(Cont-1 ): Cont-1 usesthe tf/idf (term frequency times inverse-

document-frequency) method,which employs lexical frequency to identify concepts

thatarecharacteristicfor thecontentsof thedocument.The tf/idf methodis success-

fully usedfor informationretrieval (SaltonandMcGill, 1983).

tf/idf triesto identify diagnosticunits(textualspans)whicharefrequentin one

documentbut rarein theoverall collection.This is achievedby combiningtherelative

frequency weights(tf) with afunctionof theinversefrequency of thediagnosticunit in

theoverall text collection(the idf element),e.g.thenumberof documentswherethis

termoccurs,or thefrequency of overall occurrences:

t f ( id fw )

t fw *

log +

100, N
d fw -

td . id fw: td/idf weightfor diagnosticunit w
t fw: termfrequency of w in document
d fw: numberof documentscontainingdiagnosticunit w

or numberof occurrencesof w in documentcollec-
tion

N: numberof documentsin collection

If a diagnosticunit appearsoftenin theoverall collection,it is assumedthat it

representsa conceptwhich is commonin thedomain,andwhich hasa low discrimi-

natingpower—asaresult,it is penalizedby alow idf score.If adiagnosticunit appears
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only once,it mightbenoise(e.g.misspelledwords);suchwordscanbe�ltered outby

frequency thresholds.

In the �rst text extractionexperiments(Luhn, 1958;Baxendale,1958),a pre-

decessorof today's tf/idf formula was used,which relied only on the tf part. There

are variationsof the formula usedin the literature(e.g. Brandow et al. (1995) use

the logarithmalsofor the tf part).Otherapproacheshave variedthe diagnosticunits

used.Luhn's (1958)diagnosticunitswerethemostfrequentcontentwordstems(after

functionwordshadbeenstrippedout with a stoplist), i.e. “hypothesis” and“hypoth-

esize” werereducedto the samestem.Nowadays,the simplestimplementationsuse

eitherfull wordsor lemmas(wordsnormalizedto their lexicon entries).Otherimple-

mentationsusenominalpairs,or noungroupsdeterminedby partial parses,derived

by techniqueslike chunking(shallow parsingof NP andVP complexes;Abney 1990;

Grefenstette1994).Georgantopoulos(1996)improvesresultsachieved by Finch and

Mikheev (1995)by usingnoungroupsasdiagnosticunits.

Therehasalsobeencriticism of the method,as it cannothandlesynonymy,

pronominalization,generalco-referentialityandconceptualgeneralizationssuchasthe

replacementof a list by its superordinateterm(Hovy andLin, 1999;Mauldin, 1991).

This limitation hasbeenreferredto in IR asthe“keywordboundary”.

An additionalcriticismquestionsif theapplicationof tf/idf measuresfrom doc-

umentretrieval to text extractionis sensible,i.e. if the transitionfrom documentsas

units of scoringto smallerunits like sentencesactuallyworks. (Hearst,1997)voices

theintuition that tf/idf worksmuchbetterto determineimportantconceptswhich dis-

tinguishbetweendocumentsratherthanbetweensmallersegmentswithin adocument:

[. . . ] the estimatesof importancethat tf/idf makes seemnot to be accurate
enoughwithin thescopeof comparingadjacentpiecesof text to justify using
thismeasure[. . . ] (Hearst,1997,p. 44)

Title Words (Cont-2 ): Cont-2 draws its de�nition of whata goodkeyword is from

occurrencesof a word in the title andheadline.This featuregoesback to Edmund-

son(1969).The assumptionis that wordsoccurringin the title aregoodcandidates

for documentspeci�c concepts.Particularlyin experimentaldisciplines,titlescanbea

documentsurrogatein themselves,asthey oftensummarizethemainknowledgeclaim

of the document(“Low DoseDobutamineEchocardiography Is More Predictiveof

Reversible DysfunctionAfter AcuteMyocardial Infarction ThanRestingSinglePho-

ton EmissionComputedTomographic Thallium-201Scintigraphy”; AmericanHeart

Journal,134(5):822-834,1997).
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Along the samelines, headlinesareconsideredsummariesof the major sec-

tionsof thedocument—unlessthey areprototypicalheadlinessuchasIntroductionor

Results.

However, in other�elds, “jokey” titles havebecomefashionable(“Four out of

�ve ain't bad”; Archivesof GeneralPsychiatry, 55(10):865-866,1998).Thispractice

makesrelianceon title heuristicsrisky astitles do not necessarilyexpressthe docu-

ment's topicanymore.

5.2.1.2.AbsoluteLocation

Thenext two featuresusethelocationof a sentencein text. In many previousexperi-

ments,localorganizationwithin asectionhasbeencorrelatedwith importance.Exper-

imentsin text extractionhaveassumedthatmorerelevantsentencescanbefoundin the

peripheryof thedocument(Edmundson,1969).Indeed,in othergenreslikenewspaper

text, locationhasbeenshown to bethesinglemostimportantfeaturefor text extraction

(Brandow etal., 1995;Hovy andLin, 1999).

Absolutelocation,in termsof absolutespatialorganizationof informationin

thelinearmediumof text, shouldbeagoodcorrelatefor ArgumentativeZoning.Read-

ershavecertainexpectationsof how thechainof argumentationwill proceedandwhich

argumentativecomponentsarehandledin which areasof thepaper.
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Figure5.5:Valuesfor LocationFeature

Wedividethedocumentinto 20equallysizedsegments;wethencollapsesome

of these(cf. �gure 5.5), resultingin 10 differently-sizedsegmentswhich mimic the

structureof ideal documents.Segmentsizeis smallertowardsthe beginning andthe

endof thedocument,wheredocumentsareoftenwritten moredensely, i.e. wherewe

expecttheauthor'srhetoricalunitsto besmaller. In themiddle,thesegmentsarelarger

(cf. segmentF in �gure 5.5,whichcovers40%of thetext).

5.2.1.3.Structural Corr elates

Thestructuralfeaturesseekto exploit theexplicit hintsgivenby theauthoraboutthe

structureof thepaper.


