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or diffusingthethrustof criticismwith perfunctoryremarkg“damningthemwith faint
praise”).Brooks's (1986)interviens of scholarsand classi cation of 437 references
con rms this hypothesisin our datawe found ampleevidenceof this effect, cf. the
following examples:

This accountmales reasonablygood empirical predictions,thoughit does
fail for thefollowing examples: (S-75,9503014)

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

Eventhoughtheseappioades oftenaccomplishconsideable improvements
with respectto efciency or termination behavioy it remainsunclear how
theseoptimizationgelateto ead otherandwhatcompriseghelogic behind
thesespecializedormsof Itering. (S-21,9604019)

Whentherewasapparensimultaneougpositve andnegative evaluationof aci-
tationin onepaperthepositive negationalwaysprecedeshe negative one,suggesting
thattherealintentionwasto criticize.

The movesgivenin gure 3.9 are basedon authorstance.The rst of these
moves describesa weaknesf previous researchcf. Spiegel-Rising's 10, 12, pos-
sibly 13; Moravcsik/Murugesars “negational/juxtapositional”).The next three de-
scribe comparisonsetweenown and other work (cf. Spiegel-Rising's cateyory 5;
no Moravcsik/Murugesarcateyory). The move expressingthe fact that other work
is adwvantageouss bestexpressedwith Spiggel-Rising's catgyory 9, and Moravc-
sik/Murugesars “con rmative”. The nal move, a statementf intellectualancestry
is expressedn mary of Spigyel-Rising's categories(2, 3, 4, 5, 6, 7, possibly9), and
in Moravcsik/Murugesars “evolutionary” category.

Notethatour maindistinctioninto positive/continuingandnegative/contrastre
stancesanbe expectedo beintuitive: all annotatiorschemegnumeratetheremake
this distinction, including Shums (1998) meta-datascheme.Spiegel-Rising's and
mary otherschemeshowever, typically make ner distinctions.



92

Chapter3. Argumentatie Zoning

13.

14.

15.

16.

17.

18.

SHow: OTHER SOLUTION IS FLAWED

Goal-freezing[ ] is equally unappealing goal-freezingis computationallyexpensiveit de-

mandsthe procedual annotationof an otherwisedeclafativegrammarspeci cation,andit pre-

supposeshat a grammarwriter possessesubstantiacomputationaprocessingxpertise
(S-59,9502005)

SHOwW: OWN SOLUTION IS DIFFERENT FROM OTHER SOLUTION

Theuseof the chart to store knownresultsandfailuresallowsthe userto develophybrid parsing
techniques ratherthanrelying on the defaultdepth- rst top-downstrategy givenby analysing
with respecto thetop-mostcategory. (S-146,9408006)

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

Unlike mostreseach in pragmaticsthat focuseson certain typesof presupposition®r impli-
catures,we provide a global framevork in which onecan expressall thesetypesof pragmatic
inferences. (5-124,9504017)

SHOw: OWN CLAIM 1S DIFFERENT FROM OTHER CLAIM

Despitethe hypothesighat the freeword order of Germanleadsto poor performanceof low or-
der HMM taggers whencompaedwith a language like English,we haveshownthat the overall
resultsfor Germanare verymud alongthelinesof compaableimplementationgor English,if
not better (S-117,9502038)

SHOwW: OTHER SOLUTION 1S ADVANTAGEOUS

CUG (Categgorial Uni cation Grammar;Uszloreit (1986))is advantaeous compaedto other
phrasestructue grammas, for parallel architectuie, becauseve canregard categoriesasfunc-
tional typesandwe canrepresenggrammarruleslocally. (S-10,9411021)

STATE: OTHER SOLUTION PROVIDES BASIS FOR OWN SOLUTION
We presenta differentmethodthat takesas starting point the bac-off schemeof Katz (1987).
(S-24,9405001)

Figure3.9:MovesBasedon Author Stance

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—hwever, what interestsus hereis the positivetenetand the idea of

intellectualancestrymorethanthe exactaspecof agreementvith the prior work.

Contentcitation analysisexperimentsseemto point to the fact that humans

arein principle capableof determiningauthorstancen runningtext—we will, in sec-
tion 4.3,employ humanjudgementor a similar task.However, asalreadymentioned

in section2.1.2,we are concernedaboutthe potentially high level of subjectvity, a

generaproblemwith mary studiesin the eld of contentcitationanalysis.
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We try to increasethe objectvity of the task by giving exact guidelinesand
instructingour annotator$o only markcitationstancevhentheauthorshave explicitly
statedit. Also, the most subjectve categyoriesare not part of our scheme(“paying
homageo pioneers”) which shouldputusonfairly objectve ground.Neverthelessin
orderto make surethatthesedecisionscanindeedbe madereliably, we alsomeasure
reproducibilityandstability betweerseveralannotatorgormally.

Othercontentcitationanalysisresearctwhich is importantfor usconcentrates
onrelatingtextual spango authors'description®f otherwork. For example,jn O'Con-
nor's (1982) experiment,citing statementgone or more sentenceseferringto other
researchersivork) were manuallyidenti ed. The main problemencounteredn that
work is the fact that mary instance9f citation context are linguistically unmarled.
Ourdatacon rms this: articlesoftencontainlarge segmentsparticularlyin the central
parts,which describeresearchn a fairly neutralway. In orderto capturetherole of
theselong neutralsggmentsfor the overall algumentationyve neededo de ne differ-
enttypesof moves. The basisof this de nition will be the attribution of intellectual
ownershipasmotivatedin the next section.

3.2.3.Attrib ution of Intellectual Ownership

We have discussedhn the previous sectionhow knowledgeclaimsof otherauthorsare
acknavledgedin the reward systemof science Of course,it is equallyessentiathat
theknowledgeclaimsof the currentpaperitself areregisteredoroperly(Myers,1992),
asthe intellectualrightsto the solutionor claim associateavith the researchare not
ownedby theauthorsuntil they have beenacceptedy the communityvia peerreview
(ZuckermanandMerton,1973).

Whereast is arguablyin the interestof every researcheto publishas mary
articles as possible,new researchresultsare a scarceand valuablesubstanceRe-
searchmight be presentedand possibly perceved as coming naturally in different
“sizes”—journal-article-lengthconference-lengtbr workshop-lengttpaclets of sci-
enti c knowledge—1ut it is clear that this is not how researchs done.lIt is more
typically a continuousactiity carriedout over decadedy an individual andher co-
workers,suchthatit is not obvious how muchof it shouldbe reportedin one paper
Insteadtheamountof new researclyoinginto a paperis a stratgic decisionfor every
researcher

Onestratagyy for publishingmoreis to presenasmary aspect®f onepieceof
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researchn asmary publicationsaswill getacceptedwith asfew changesspossible.
Thisresultsin authorsbreakingresearctdown into “smallestpublishableunits”. This

phenomenois illustratedby clustersof paperswith titles which areclosevariationsof

onetheme—itcanbeassumedhatthe scienti ¢ innovationspresentedh thesepapers
will shav ahighlevel of overlap.However, thereis atensionbetweertheinteresif the

individual to publishandtheinterestof the eld notto be swampedby nearidentical

papersThe mainquality controlmechanismn sciences the peerreviewing process,
which guarantees minimum size of the smallestpublishableunit, by making sure
thatin principle eachpublishedpapercontainsat leastsomethinghew (“original” and

“previously unpublished”).

A scienti ¢ papercontainsmary ideasand statementsvhich are not the au-
thors' own ideasand beliefs, but which are neededto guide the readertowardsac-
ceptingtheir own ideasand beliefs. Other ideas,methodsor resultsare associated
with otherresearchersyamelythosewhich own the intellectualrights for them. Of
course the authordoesnot claim intellectualownershipof thosestatementsinstead,
sheshouldrecognizehe otherauthors'knowledgeclaimsfor them.

We think of documentsasdividedinto segmentsof differentintellectualown-
ership,whereeachsegmentplaysa certainrole in the overall scienti ¢ algumentation:

Generalstatementsboutthe eld' s problemsand methodologiesstatements
areportrayedasgenerallyacceptedn the eld (BACKGROUND).

More speci ¢ descriptionsof other researchersivork, e.g. rival approaches
(OTHER).

As therealinterestof anauthoris to stale a new knowledgeclaim, sheneeds
to make clearwhatexactly hernew contritutionis (OwWN).

Thelogical tri-sectioninto typesof intellectualownershipis relatedto the se-
manticsof all movesintroducedsofar, andit alsode nesthethreenenw movesshaovn
in gure 3.10.Thesemovesconstitutelarger textual units thanthe movesintroduced
sofarwhich aretypically associateavith singlesentenced-or acoverageof theentire
paperthelongermovesareindispensable.

We believe thatclearattribution of intellectualownershipis oneaspecbf over-
all writing quality of a paper:readersoften have dif culty recognizingattribution of
intellectualownershipin unclearlywritten papersSectior4.3.2will addresshisques-
tion by rst experimentallytestingif humanscanin principle attribute ownershipreli-
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19. DESCRIBE: GENERAL SOLUTION
Thetraditional approach hasbeento plot isoglossesdelineatingregionswhele the sameword
is usedfor the sameconcept. (S-3,9503002)
20. DESCRIBE: OTHER SOLUTION
Instead Katz's badk-off shemeredistritutesthe free probability massnon-uniformlyin propor-
tionto thefrequencyf EQN/ , bysetting EQN/ (S-56,9405001)
21. DESCRIBE: OWN SOLUTION

Thebasicidea[ ] isto movefromdealingwith a singlemodelto dealingwith a collectionof
modeldinkedby an accessibilityrelation. (S-196,9503005)

Figure3.10:MovesBasedon IntellectualOwnership

ably; it will thenamuethatthosetexts wherethey disagreenuchmorethanexpected
mustbelessclearlywritten.

How do humansunderstandvho a certainstatementn a scienti ¢ article is

attributedto?

Top-downinformation: Readersanticipatecertainargumentatre moves;when
interpretingthe text they infer the probablecommunicatie intentionsof the
author

World-Knowledg: Expertsuseworld knowledgeto infer intellectualowner
ship. They know which statementé atext areestablishedactandwhich are
intellectuallyownedby otherresearchergndassumehateverythingelsemust
betheauthors'conjectureor knowledgeclaim.

Agent markers: Agents(otherresearchersr the authors)typically appearn
ritualizedroles—thg are often portrayedasrival researcher§'Chomsly ar-
guesthat’, “workersin Al” ), ascontributorsof supportve researcl{“several
discouselinguists”) andasrepresentatiesof the generalopinionin the eld
(“It is a well-knownfact that’).

S@mentationand boundaries:However, not every sentencecontainsagent
markers.Onthecontrary evenin clearandwell-written papersmostsentences
areunmarled propositionswhich statefactsaboutthe objectworld. Their sta-
tus canbe inferredfrom surroundingattribution boundariesReadersassume
thatunmarled statementsareattributedto the previously explicitly mentioned
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agentsuntil anew explicit attribution rede nesthe statusof the next segment,
or until anobviouscon ict catcheghereaders eye.

Linguistic Cues: Readersuse linguistic cueslike tenseand voice and non-
linguistic cueslik e locationto checkthatthey arestill in the type of sggment
they expectto bein.

Of coursetherearepapersvhich shav alesspronouncedri-sectionof intel-
lectualownershipWork whichis “close” to theauthors—particularlpreviousown or
co-authoredvork, but alsowork of friendsor colleaguesf the sameinstitution—is
usuallytreatedn thetext similarly to how the own work is treatede.qg.it is evaluated
morepositively thanotherwork cited.In somecasesthe authorscontinuea tradition,
I.e.,adda smallamountof researchio own previouswork describecelsavhere.Often
the largestpart of suchpapersdescribeghe previousown work in a tenetthat might
male the readermistale it for the actualnew contribution of the given paper if she
doesnotknow the prior paper(“smallestpublishableunit”). Attribution mightthenbe
ambiguoudor large portionsof thetext, anunclarity which might actuallyevenbein
theinterestof theauthor

However, we considerclosework asdistinctfrom the currentwork: As moti-
vatedin chapterl, our taskis to determineeachpapers contribution with respecto
otherpapersn orderto supportsearcher@n a documentetrieval environment.Their
choiceis boundto be particularly dif cult if the papersare by the sameauthorsin
a similar time frame.The ideais thatit is the knowledgeclaim of eachpaperwhich
shouldprovide the selectiorcriterion.

In review or positionpapersall intellectualwork is ata meta-lerel (reasoning
aboutresearctwork)—no own “technical” object-level work is performed.Thus,the
distinctionof own andotherwork doesnot really apply. A similar caseof meta-level
researclareevaluationpapersi.e. papersn whichoneapproaclkitypically, one's own)
is formally evaluatedon a given task, or several approachesire formally compared
(one's own approachtypically beingoneof these).

For now, thereis onelastpiecemissingin the algumentationaimosaicbefore
we canmove onto the overall model. This piecehasto do with statementslescribing
researctasa sequencef (successfubr unsuccessfulproblem-solvingactuities.
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3.2.4.Statementsabout Problem-SolvingProcesses

Therearedifferentdescription®f the internallogic of the scienti ¢ researctprocess;
someof theseare orientedin the hypothesistesting frameavork (Suppe,1998). An
alternatveis to regardscienti ¢ papersasreportsof a problem-solvingactvity (Hoey,
1979;Solov'ev, 1981;Jordan,1984;Zappen,1983; Trawinski, 1989).

In theoreticalsciencesthe problemis to nd an adequateand explanatory
modelthataccountdor the evidenceobtainedirom observingtherealworld, whereas
in experimentakciencestheproblemisto nd evidencdor sometheoryabouthow the
world works. In engineeringartefactsaredesignedvhich ful Il a certainprede ned
function.Accordingly, whatcountsasanacceptableolutionis disciplinespeci c.

We describenow a simpleview of academiagesearclacts.In this model,one
atomicresearclactis associatevith exactlyonepaperA situationSity is percevedas
unsatiséctorybecaus@roblemProly is associatewith it. The rst stepin theresearch
processs theformulationof aresearclyoalGoaly. ProblemProly is solved(or atleast
“addresset) by applyinga solution Solw (a nev methodologyor an experiment),
which leadsto a situation Sit;. Whereasthe problem Proby might or might not be
alreadyknown in the eld, the solution Soly is always assumedo be new (at the
least,the applicationof the solutionin the givenproblemsituationis new). Evaluation
measurefiov well the goal was achieved, i.e., how muchthe overall situationhas
improved,by implicitly orexplicitly comparingsituationsSity andSit;. Theremightbe
remainingproblemsProby associatedvith Sity which arenot addresseth the current
paper;they arethe limitations of the apprad. They aretypically portrayedasless
severethanthe problemswhich motivatedthe researct{Proby).

For theargumentationn thepapey SituationSity needgo beportrayedasunde-
sirable;to improve Sity is the centralmotivation of the paper Alternatively, onecould
show that Sit; is desirable;at the very least,situationSit; shouldbe moredesirable
thansituationSity, evenif only becausén Sit; moreknowledgeis available.

With respectto knowledgeclaims, the solutionis the single entity which is
mostproprietaryaboutoneproblem-solvingprocessthe authorswantto be attributed
with it. To a lesserdegree,the researchgoal canalso be consideredasthe authors'
contribution. In some elds, e.g.in compleity theory theinventionof new problems
is itself a researchgoal which would justify the publicationof a paper Suchmeta-
problemsdonot t well with our simpleproblem-solvingmodel.

Not only cantheownproblem-solvingprocesedescribedy suchatomicre-
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searchacts.The agumentatiorin a paperalsoinvolvesdescriptionf otherpeoples
problem-solvingactiities. The backgroundf a problemcanbeintroducedas(possi-
bly successie) problem-solvingactions,includinggeneralproblemsn the eld, gen-
eralsolutions researclgoalsandevaluationmethodologiesTheproblemaddressedh
thepaper(Probp) couldbeaspeci c weaknessf prior solutionswhich haveledto the
situationSity, or it couldbea generalJong-standingproblemin the eld.

Theown solutioncanbe portrayedasbuilding on someotherproblem-solving
processsomeothermethodologyor ideais takenasthebasisfor thereportedesearch
andappliedeitherwith or without changes.

Solu-2 Sit-2
Prob-2

Sitl Goal-1

Prob-0 Prob-1

Figure3.11:Rival Problem-SolvingProcesses

Figure 3.11 shaws a situationwherethe own papersolution Solw solves a
knownproblemProly, i.e. a problemto which someotherresearcherbave already
presented solution Solw. The problemsolving processpresenteddy the otherre-
searcher¢eadsto a differentsituationSity. Sity is similar to Sit;, the onefavouredby
theauthorsjn thatboth Sit; andSit, arenotassociate@vith theoriginal problemProby
anymore,but they differin someotherrespectlt is thetaskof the authorsto motivate
thattheown solutionis betterthantherival solution.For example theremightbe (new)
problemsassociateavith Solw, or Solw, might be inferior accordingto somedefault
criteria—solutionsaresupposedo be explanatory elegant,simple,andef cient.

Statementaboutown andotherproblemsolvingprocesseaboundn ourdata.
Figure3.12summarize®ur movesbasedn authorstanceandproblem-solvingstate-
ments.Note thatmovesdescribingsomebodyelses unsuccessfubroblemsolvingac-
tivity alsoexpresscontrastve stanceandcouldhave beenclassi edasbelongingto the
movesin gure 3.9.

As the readerthasnow seenalmostall moveswe proposeandshouldhave an
ideaof theconstructionshisthesisis interestedn, wewill turnto theimportantaspect
of howsuchstatementsretypically expressedn scienti ¢ articles.
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22. SHOW: OWN SOLUTION SOLVES OWN PROBLEM
Thisaccountalso explainssimilar differencedn felicity for othercoominating conjunctions
asdiscussedn Kehler(1994a)[. ..] (S-100,9405010)

23. SHOW: OWN SOLUTION IS NECESSARY TO ACHIEVE OWN GOAL
We havearguedthat obligationsplay animportantrole in accountingfor theinteractionsin
dialog. (S-217,9407011)

24. SHow: OWN SOLUTION AVOIDS PROBLEM
Thispaperpresents treatmenof ellipsiswhich avoidsthesedif culties, while havingessen-
tially the samecoverage as Dalrympleetal. (S-9,9502014)

25. SHow: OTHER SOLUTION DOES NOT SOLVE PROBLEM
Computationabpproachesfail to accountfor the cancellationof pragmaticinferencesonce
presuppositionsr implicaturesare geneated,they cannever becancelled.
(S-20,9504017)

26. SHOW: OTHER SOLUTION SOLVES PROBLEM
The Direct Inversion Apprac (DIA) of Minnenetal. (1995)overcomegheseproblemsby
makingthereordering procesanore goal-directedand developinga reformulationtechnique
thatallowsthe successfulreatmenbf ruleswhich exhibit head-ecusion. (S-15,9502005)

27. SHOW: OTHER SOLUTION INTRODUCES NEW PROBLEM
Speci cally, if atreatmensud asHinrichs'sis usedto explain the forward progressionof
timein example CREF/ ,thenit mustbe explainedwhysentence CREF/ isasfelicitous
assentence CREF/ . (5-12,9405002)

28. SHOW: OWN SOLUTION 1S BETTER THAN OTHER SOLUTION
We foundthatthe MDL-basedmethodperformsbetterthanthe MLE-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 more dif cult than disambiguationto the level of homaraphs(Hearst 1991;
Cowieetal. 1992). (S-147,9511006)

Figure3.12:MovesBasedon Problem-SolvingStatements

3.2.5.Scienti ¢ Meta-Discourse

In section3.2.3 we hypothesizedhat there are super cially recognizablecorrela-
tionsof boundarie®f zonesof intellectualattribution, e.g.expressiondik e “Chomsky
claimsthat”. We believe thatmeta-discourse oneof the mostuniversallyapplicable
structuremarkersin scienti c text.

Meta-discoursezgommonlyde ned asdiscouseaboutdiscousse is anamefor
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Category | Function | Examples

Textual meta-discourse

Logical connecties | express semantic relation be- | in addition; but; therefore;
tweenmainclauses thus

Framemarkers refer to discourseacts or text | to repeat;ouraimhere; nally
stages

Endophoriamarkers | refer to information in other | notedabove; seeFig 1; below
partsof thetext

Evidentials refer to sourceof information | accodingto X; Y (1990)
from othertexts

Codeglosses help readersgraspmeaningsof | hamely;eg; in otherwords
ideationalmaterial

Interpersonaineta-discourse

Hedges withhold authors full commit- | might; perhaps;it is possible
mentto statements

Emphatics emphasizdorce or authors cer | in fact; de nitely; it is clear;
tainty in message obvious

Attitude marlers express authors attitude to | surprisingly;l agree; X claims
propositionakontent

Relationalmarkers | explicitly referto or build rela- | frankly; notethat; youcansee
tionshipwith reader

Persomarkers explicit referencdo author(s) I; we; my; mine;our

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

all those statementsvhichful Il otherfunctionsbut to corvey purepropositionakcon-
tents(the “science”in the paper).Meta-discourses a pragmaticconstructby which
writerssignaltheircommunicatie intentions(Hyland,1998;Swales,1990).1t is ubig-
uitousin scienti ¢ writing: Hyland (1998)found a meta-discoursphraseon average
after every 15 wordsin running text, hedgesbeing the most frequenttype of meta-
discoursan histexts. His classi cationof meta-discourses givenin gure 3.13.
Someof Hyland's categories(Attitude markers, Personmarkers, Evidentials,
Endophoricand FrameMarkers) seemimmediatelyrelevantto the effectsdiscussed
in this chapter Anothersetof meta-discoursahich we are particularlyinterestedn
are meta-statementaboutthe own researchMuch of that type of scienti c meta-
discoursds cornventionalized particularlyin experimentalsciencesand particularly
in the methodologyor resultsection;linguistically, thereis not muchvariation (e.g.
“we presentoriginal work...”, or “An ANOVA analysisrevealeda marinal interac-
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tion/amaineffectof...” ). Suchformulaic expression®ccurlessoftenin the discus-
sionsectionandthe introductionwherethereis moreroomfor personaktyle. Swales
(1990)listsmary such x edphrasesisco-occurringvith themovesof hisCARS model
(p.144;pp.154-158;pp.160-16Anothertype of meta-discourspointsto the current
researclprocesg”in thispaper, “here”), expressesaffect(“unfortunately) or knowl-
edgestateq*to the bestof our knowled@’; “it haslongbeenknown”).

It is well-known thatdifferentdisciplinesusedifferentmeta-discoursedyland
(1998)amguesthatmeta-discourseariationbetweerscienti c communitiesanbe at-
tributedto thefactthatmeta-discoursbkasto follow thenormsandexpectation®of par
ticular culturalandprofessionatommunities—scienti communitiesmposelinguis-
tic standardizatiorpressuresHe found signi cant differencesn meta-discoursese
acrosddisciplines(Microbiology, Marketing, Astrophysicsand Applied Linguistics),
thoughthe articlesdisplayeda remarkablesimilarity in the densityof meta-discourse.
MarketingandApplied Linguisticspaperausedfar moreinterpersonameta-discourse
thanthosein Biology andAstrophysicswhich, onthe otherhand,usefar moretextual
meta-discourseédueto the particularitiesof our datawe expectmeta-discourse our
corpusto bevaried.

And even within one discipline, thereis a large classof expressionswvhich
expresssimilar, prototypicalmoves,eventhoughthe resultingsentenceslo not look
similaronthesurface.Thisis particularlythecasefor statementseferringto aspect®f
the problem-solvingprocesor to the authors stanceowardsotherwork: expressions
of contrasto otherresearcherandfor statementsf researcltontinuationFigure3.14
shaws thattherearemary waysto expressthe factthatonepieceof work is basedn
someprevious otherwork.

The surfaceforms of thesesentencearevery differentdespitethe similar se-
manticsthey expressin somesentencethesyntacticsubjectis amethodjn othersit is
theauthorsandin othersthe originatorsof the based-upomdea.Also, the verbsused
arevery different. This wide rangeof linguistic expressiorpresentarealchallenge—
laterpartsof thisthesiswill beconcernedavith nding amethodfor recognizingalarge
subsebf suchvariablemeta-discoursécf. section5.2.2).

After this brief look atthe syntacticvariability of the moves,we now returnto
our modelof overall stratgy of argumentation.
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Thus,we baseour modelon thework of Clark and Wilkes-Gibbg1986),and Heemarand
Hirst (1992)who both modeled(the r st psydologically, and the secondcomputationally)
how peoplecollaborate on refeenceto objectsfor which they havemutualknowledg.

(S-15,9405013)

Thestartingpointfor thiswork was Sda and Polanyi's discouse grammar (Sta and
Polanyi 1988;Pruestetal. 1994). (5-4,9502018)

We usethe framevork for the allocation and transferof contol of Whittaler and Stenton
(1988). (S-36,9504007)

Following Laur (1993) weconsidersimpleprepositionglike “in”) aswell asprepositional
phraseg(like “in frontof”). (S-48,9503007)

Our lexiconis basedona nite-statetransducetexicon(Karttunenetal. 1992).
(S-2,9503004)
Insteadof featue basedsyntaxtreesand r st-order logical formswe will adopta simpler
monostatal representationthatis more closelyrelatedto thosefoundin dependencyram-
mars (e.g. Hudson(1984)). (S-116,9408014)

Thecenteringalgorithmasde nedby Brennanetal. (BNF algorithm),is derivedfroma set
of rulesandconstaints putforth by Groszetal. (Groszetal. 1983;Groszetal. 1986).
(S-56,9410006)

We employSuzuki algorithmto learn caseframepatternsas dendpid distributions.
(S-23,9605013)

Our methodcombinessimilarity-basedestimateswith Katz's badk-off scheme which is
widelyusedfor languaye modelingin speeb recanition. (S-151,9405001)

Figure3.14:Variability of Statement&xpressingresearciContinuation

3.2.6.Strategiesof Scienti ¢ Argumentation

Scienti ¢ articlesarebiasedreports;the agumentatiorfollows the interestof the au-
thor. Indeed,we seethewhole paperasonerhetoricalact,asMyers (1992)does.The
high level communicatre goalin a paper apartfrom corveying a messageis to per
suadethe scienti c communityof the relevance reliability, quality andimportanceof
thework (Swales,1990;Kircz, 1998).Thereareparallelsto politenesgheory(Brown
andC., 1987),wherethe commoditythatis tradedis “face”;in the caseof scienti c
writing, thecommaodityis “credibility”.

Thereare some*high level” moveswhich are essentiafor the overall agu-
mentationOneneeddo show thattheresearciprocesss successfuli.e. thatthetotal
knowledgeavailableto the communitymusthave increasedThe mostimportantones
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SHOW: OWN RESEARCH IS VALID CONTRIBUTION TO SCIENCE

SHOW: RESEARCH 1S 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. SHoOwW: OWN GOAL/PROBLEM IS NEW
[ ]andto myknowledg, no previouswork hasproposedanyprinciplesfor whento include
optionalinformation[ ] (S-9,9503018)

31. SHow: OWN SOLUTION IS ADVANTAGEOUS
Thesubstitutionatreatmenbdf ellipsispresentediere[ ] hasthecomputationahdvantayes
of [ ] (S-210,9502014)

Figure3.15:MovesBasedon HigherLevel Intentions

of thesemovesaregivenin gure 3.15.

The rst six movesin gure 3.15 are not numberedand containno corpus
example.The reasonfor this is that thesemovesare not typically madeexplicit; in-
stead,the readeris left to inducethem. The last two high-level moves, however, do
occurexplicitly, makingour setof 31 argumentatre movescomplete(summarizedn
gure 3.16).

Relationshetweerthemovesareshovnin gure 3.17.Thetreerelationmeans
“Is A Sub-Move Of”. An agumentatiorstrategy might be asfollows: Onemight say
thatthe own problemis hard,thenintroducethe own solution,arguethatit solvesthe
problem,argue that this solutionis betterthansomebodyelses solution or statethe
factthatthe problemhasnever beenaddressetiefore.

Not all of thesemoveshareto occurin ascienti ¢ articlefor theargumentation
to be successfubr complete For example,the problemaddresse@Probp) canbe new
to the eld; this canbe statedexplicitly (30). Additionally, onecanshown thatsimilar
problemsaddressedtbeforeare differentfrom the given one. This would additionally
fulll the function of shaving that the authorsare knowledgeablen their eld. But
problemsneednot be new; they might have beenaddressetby othersbefore(cf. the
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I. MovesborrowedfromSwales

DESCRIBE: GENERAL GOAL

SHOW: OWN GOAL/PROBLEM IS IMPORTANT/INTERESTING
SHOW: SOLUTION TO OWN PROBLEM IS DESIRABLE
SHOW: OWN GOAL/PROBLEM IS HARD

DESCRIBE: GENERAL PROBLEM

DESCRIBE: GENERAL CONCLUSION/CLAIM
DESCRIBE: OTHER CONCLUSION/CLAIM

DESCRIBE: OWN GOAL/PROBLEM

DESCRIBE: OWN CONCLUSION/CLAIM

DESCRIBE: ARTICLE STRUCTURE

PREVIEW: SECTION CONTENTS

SUMMARIZE: SECTION CONTENTS

©CONoOO~WDNPE

B e
N O

[I. Movesde nedby authorstance

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

[ll. Movesde ned by attribution of owneship

19. DESCRIBE: GENERAL SOLUTION
20. DESCRIBE: OTHER SOLUTION
21. DESCRIBE: OWN SOLUTION

IV. Movesde ned by problemsolvingstatements

22. SHow: OWN SOLUTION SOLVES OWN PROBLEM

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

24. SHow: OWN SOLUTION AvVOIDS 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 level moves

30. SHow: OWN GOAL/PROBLEM IS NEW
31. SHow: OWN SOLUTION IS ADVANTAGEOUS

Figure3.16:List of Argumentatie Moves
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situationin gure 3.11,wherearival solutionwassuggested)n thatcase oneneeds
to shav thatthe own solutionis better(28) or thatthe othersolutionis awed (25 or
27).

All of themovescoveratextual spanatleastaslong asasentenceandin some
caseghey cover muchlarger textual spans.Somemoves—particularlythe moves of
type SHow—canbeexplicitly statedn onesinglesentencehut mary movestypically
spanlongerseggments for examplethe movesof type DESCRIBE, which detail prob-
lems, solutionsand goalsin a neutralway and whosepurposeis informative rather
thanrhetorical We considetthewholemove asoneunit for our purposesgisregarding
possiblenternalmove structure.

Somemovesin the diagramtendto occurwith othermoves,e.g.,movesde-
scribing otherwork (6, 7, 19 or 20) co-occurwith statement&boutthe role of this
otherwork for the currentwork (critical stancan moves13, 25, 27; contrastve stance
in moves14,15,16, 29; positive stancan moves17,18, 26). Relationsof suchkinds
betweermovesarenotshavn in thediagram.

Movessometimesene morethanonecommunicatie andargumentatie pur-
poseat once.Themove OTHER RESEARCHERS HAVE TRIED TO SOLVE THE PROB-
LEM describeghe history of the problem,provides backgroundknowledge, proves
thattheauthorsknow theliteraturein the eld, andit shavsthattheproblemisindeed
justi ed andthata solutionis desirable.

3.3. An Annotation Schemefor Argumentative Zones

In the previous section,we have introduceda rathercomplex modelof discourseand
amgumentatre effectsin scienti c text. We believe that our implicit claim—thatthe
model explains our dataadequately—shoulte substantiatedy demonstratinghat
otherhumanscanapplytheaccountonsistentlyto actualtexts. In this sectionwe will
operationalizeur modelby de ning a practicalannotatiorbasednit.

In generaldesigningan annotationschemehasmary pitfalls. Onewantsthe
annotationrschemeo be a) predictve andinformative, sothatit will prove usefulfor
anendtaskandb) intuitive,or atleastiearnablesuchthatit canbeappliedconsistently
by differentannotatorsandover time. If anannotationschemads simpleandintuitive
andthetaskwell-describedit will resultin high consisteny, but thereis a dangeithat
theinformationcontainedn it might not beinformative enoughfor thegiventask.On
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the otherhand,if the catgyoriesareinformatie their de nition is necessarilywague,
leaving a lot of leeway for subjectve interpretationin this case,it is likely that dif-
ferentannotatorsill disagreen theirjudgementsThe procesof nding aworkable
annotatiorschemas thusatight ropeactbetweernthe con icting requirement®f in-
formatvenessandconsisteng. This sectionreportson our questfor agoodannotation
schemeandshowns why two predecessorsf the nal annotationrschemdall shortof
therequirements.

The rst annotationschemgTeufel, 1998) contains23 cateyoriesde ned di-
rectly by agumentatre moves,similar to thosein gure 3.16.Sucha schemebased
onmovesis veryinformative andencodewaluableinformationfor subsequerfactex-
tractionfrom thesentenceg-or example,asentencef type" SHow: OWN SOLUTION
IS ADVANTAGEOUS” containsbotha mentionof the own solutionanda statemenbf
the advantageof the own solution, a fact which could be exploited for information
extractionfrom sucha sentence.

We usediwo unrelatedannotatorsn thede nition phaseAsis typicalfor high-
level, information-richclassi cationtasks,the annotationschemehadto be changed
repeatedlyduring this time. Settlingon an exhaustve list of moveswhich annotators
agreedn provedverydif cult. We wereconstantlytemptedo addmoremovesfor sit-
uationswherea givensentencedoesnot quitefall into the semanticalreadyde ned.
Oncethe schemanentionedabove (23 catgories)hademeged,we wrote guidelines
detailingcriteriafor eachmove.

After the de nition phasewe ran a pilot study with our two, by now, task-
trainedannotatorsThis experimentrevealedthat the schemewas not reliable. Even
repeateadthangeso theannotatiorschemeatthislatestagedid notimprove agreement
signi cantly. Within the mind of oneannotatorprivateunderstandingsf thesecate-
goriesmaywell beratherconsistent—weannotated 0 randomlysampledpreviously
annotategapersagainafter4 weeksandachiezedreasonablagreementvith the pre-
viousannotatior(theconcepof stabilitywill beintroducedn sectiord.2).However, if
theseunderstandingsannotbe communicatedo others,somethings wrongwith the
schemelLow agreemenbetweerdifferentannotatorgreproducibility; detailedin sec-
tion 4.2) nally corvincedusthata x ed,exhaustvelist of suchhigh-level categyories
atthis pragmatidevel is notuniversalenoughto train annotators.

In orderto make the next schemeeasierand more objective, we reducedthe
numberof catgyoriesandsimpli ed their de nitions, while trying to retainasmuch
of theinformationaspossiblefor ourtask.Our secondattemptatanannotatiorscheme
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BACKGROUND
TorPIC

RELATED WORK
PURPOSE/PROBLEM
SOLUTION/METHOD
REsSULT
CoONCLUSION/CLAIM

OXTnUTs-w

Figure3.18: AnnotationSchemeBasedon FunctionalAbstractUnits

( gure 3.18)consistedf justsevencateyories(TeufelandMoens,1998,1999a)which
aresimilar to the functionalunits well-known from summarizingguidelines(cf. sec-
tion2.3.1.2).

Again, we achieved respectablestability whenre-annotatingartsof the cor
pus.This is a goodsign, but we neverthelessioticedfundamentaproblemswith the
typeof annotationlt provedextremelydif cult to associatéextual unitsasbig assen-
tenceqi.e. propositionakontents)ith cateyorieswhich describehigh-level concepts
(i.e. nominalphrases)An additional,orthogonalbroblemwasthefactthatsomehigh
level entitiessuchas PURPOSE/PROBLEM and SOLUTION canbe dif cult to distin-
guishin real-world text. To give anexample,we werenot sureaboutthe right annota-
tion for thefollowing sentence:

We thenshowhow different classesof pragmaticinferencescan be captued
using this formalism,and how our algorithm computeghe expectedresults
for arepresentativelassof pragmaticinferences. (S-29,9504017)

Is thesentencéo becountedasToric, becausépragmaticinferences arethe
Topic of the paper?Or is it ratherthe casethat “capturing different classesf prag-
matic inferences”is the PROBLEM/PURPOSE? Or shouldthis sentencée classi ed
asSOLUTION, asthe phrase‘our algorithm computeghe expectedresults could be
interpretedasa high level descriptionof theapproachused?

Allowing for multiple annotatiorseemedo ameliorateheproblemsputit lead
to somary multiply annotategentencetghatwe starteddoubtingtheinformativeness
containedn this annotationWe redesignedhe schemeadically, resultingin thethird
and nal annotatiorschemg gure 3.19).
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A simplerversionof theschemdthe“basicscheme”encode®nly intellectual
ownership( gure 3.20).Pilot studieswith our annotatoraith both schemeshaved
that they were much more comfortableand accuratewhen applying theseschemes
to real texts. Thesearethe schemesve will usefor the extensve humanannotation
experimentgeportedn chapterd (Teufeletal., 1999),andfor the prototypicalimple-
mentatiorreportedn chapters (TeufelandMoens,1999b).

BACKGROUND  Generallyacceptedackgroundnowledge
OTHER Speci ¢ otherwork

OWN Ownwork: method results futurework.. .

AM Speci c researctyoal

TEXTUAL Textual sectionstructure

CONTRAST Contrastcomparisonyweaknessf othersolution
BASIS Otherwork providesbasisfor own work

Figure3.19:Final Annotationscheme—FulWVersion

BACKGROUND  Generallyacceptedackgroundnowledge
OTHER Speci c otherwork

OWN Ownwork: method results futurework. . .

Figure3.20:Final AnnotationScheme—Basiversion

As with the otherannotatiorschemesthe cateyoriesareto bereadasmutually
exclusive labels,oneof which s attributedto eachsentenceEachcategory is associ-
atedwith a colourto make humanannotatiormoremnemonic.

We call the catggorieswhich occuronly in thefull schemébut notin the basic
schemelon-basiccateyories(i.e. AiIM, CONTRAST, TEXTUAL andBAsSIS). Theseven
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Does this sentence refer to own
1 work (excluding previous work
of the same author)?

YE NO
2 Does this sentence contain material 4 Does the sentence describe general
that describes the specific aim background, including phenomena
of the paper? to be explained or linguistic example sentences?
YES NO YES NO
Does this sentence make 5 Does it describe a negative aspect
AlM 3 reference to the external BACKGROUND of the other work, or a?contrastp .
structure of the paper? or comparison of the own work to it?
YES NO YES NO
_ OWN CONTRAST 6 Does this sentence mention
the other work as basis of
or support for own work?
YES NO
BASIS OTHER

Figure3.21:DecisionTreefor Full AnnotationScheme

catgoriesof the full annotationschemeare closely relatedto the differentaspects
of our model(Swales' cateyories,authorstancejntellectualownership,andproblem-
solving statements)The semanticof our schemds bestexplainedwith the decision
treein gure 3.21,basednsix yes/noquestions.

Questionl focuseson attribution of ownership,distinguishingbetweenstate-
mentswhich describethe authors'own new contributions and thosewhich describe
researctoutsidethe givenpaperincludingthe authors'own previouswork, generally
acceptedtatementandstatementsvhich areattributedto other speci c researchers.

Onceannotatorglecidethatthe statementescribeown work, Question2 de-
terminesAIM sentencesSuchsentenceslescribethe researclhgoal addressedh the
paper The mostexplicit type of AIM sentencess provided by move 8 (DESCRIBE
OWN GOAL/PROBLEM in gure 3.16).But dependenbn the annotators'intuitions,
othermovescanin principlebe AiM sentence$oo, e.g.moves?2, 3, 4, 22,23, 24,30
and31.

Question3 singlesout TEXTUAL sentencesi.e. thosegiving explicit infor-
mation aboutsectionstructure.This correspond$o moves 10, 11 and12. All other
statementaboutown work, in particularmove 21, but alsoall movesnotdeemedA M
sentenceggeceve thelabel OwN.

Question4 distinguishesetweenBACKGROUND material(i.e. generallyac-
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ceptedstatementsmove 1, 5, 6 and 19) and more speci cally characterizedther
work. If theannotatorhrave decidedhatthesentencelescribespeci ¢ work, thenthe
lasttwo questionsconcentraten authorstance Question5 checksif the otherwork
is presentectritically or asproblem-wrough{asin moves13, 25, 27), contrastvely
(moves14, 15 and 16), or asinferior to the own solution (moves28 and29); in that
casethe sentenceés assignedo cateory CONTRAST. Otherwise Question6 assigns
thecategory BASIs to statementsf researcltontinuation(move 18). Explicit positive
statementaboutotherwork (i.e.movesl7and26) canalsobeassignedo BASIS. Neu-
tral descriptionf otherwork getassignedhe category OTHER. Detailsanddecision
criteriaon how to answetrthe questionsaregivenin theguidelinegcf. appendixC.2).

The relation betweenthe categgoriesand the movesis comple: it is not the
casethatthe catgyoriesare superclassef the moves.Insteadmary movescanend
up asdifferentzonesdependingn the questionf thereweremoreappropriateanoves
to actasamgumentatie cateyories.For example,move 3. SHOW: SOLUTION IS DE-
SIRABLE could beannotatedasAIM in the absencef a move 7; otherwise it would
moreappropriatelypbe annotatecasOWN. Rathey the seven categoriesshouldbe seen
asaworkablecompromisebetweensimplicity andinformativenesdor our document
retrieval task.

Thetaskis de ned asclassi cation,but it canalsobe seenasa segmentation
task.Becausehekind of annotatiorwe ervisageincludescontiguousnon-overlapping
andnon-hierarchicatequencesye refer to the segmentsof sentencesvith the same
catgyory as zones We then call the processof annotationwith our aggumentatre
schemeArgumentativeZoning To give anillustration of the task of Argumentatie
Zoning, gures 3.22and3.23shawv the rst pageof our examplepaper annotatedy
uswith bothversionsof theannotatiorschemeMore humanexampleannotationgan
befoundin theguidelinesn theappendixp. 310,311,327 and328).
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Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract .

Our research addresses some of the same questions and
We describe and experimentally evaluate a method fdises similar raw data, but we investigate how to factor word
automatically clustering words according to their distrié.ssoc"':ltlon tendencies into SEEOERWINT of words to certain
bution in particular syntactic contexts. Deterministic Nidden senses classes and associations between the classes

annealing is used to find lowest distortion sets of clust&gnselves. While it may be worthwhile to base such a mode

become unstable and subdivide, yielding a hierarchic@led here we look at how to derive the classes directly from
"soft" clustering of the data. Clusters are used as the (distributional data. More specifically, we model senses as
basis for class models of word occurrence, and the  propapilistic concepts or clusters ¢ with corresponding cluster
models evaluated with respect to held-out data. membership probabilities <EQN/> for each word w. Most
other class-based modeling techniques for natural language
rely instead on "hard" Boolean classes (Brown et al., 1990).
Introduction Class construction is then combinatorically very demanding
and depends on frequency counts for joint events involving
particular words, a potentially unreliable source of inform-

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 .

both from psychological and computational learning Problem Setting

perspectives. From the practical point of view, word

classification addresses questions of data sparseness and

generalization in statistical language models, particularlyin What follows, we will consider two major word classes,

models for deciding among alternative analyses proposedeQN/> and <EQN/>, for the verbs and nouns in our exper-

by a grammar. iments, and a single rglathn betwgen a transitive main verb
It is well known that a simple tabulation of frequencié%gd the head noun of its direct object. Our raw knowledge

of certain words participating in certain configurations, fgt2ut the relation consists of the frequencies <EQN/> of

example the frequencies of pairs of transitive main verb 9ccurrence of particular pairs <EQN/> in the required con-

and the head of its direct object, cannot be reliably used _figurati_on in a training corpus. Som_e form °.f text analysis
for comparing the likelihoods of different alternative confit> required to collect such a collection of pairs. The corpus

gurations. The problem is that in large enough corpora, tHged in our first experiment was derived from newswire text
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,
number of event occurrences in the corpus, so many evehi$3)- More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts JHth the help of a statistical part-of-speech tagger (Church,
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

Hindle (1990) proposed dealing with the sparsenessOn ingged corpora (Yarawsky, pSEEE RIS
problem by estimating the likelihood of unseen events fr LMD GRS LT g
e . FMwhat systematic biases they might introduce, although
that of S|m|llar BVEIE ,thaF have been S For. INStancie took care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct 0b-gance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object foks the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventsyenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in
in many cases, but it is not clear how it can be used diret&¥ms of associations between elements in each coordinate
ly to construct classes and corresponding models of assabd appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.

BACKGROUND OTHER OWN

Figure3.22:First Pageof ExamplePaper Annotatedwith BasicAnnotationScheme

As the annealing parameter increases, existing clustees preexisting sense classes (Resnik, 1992), in the work desgr

Methods for automatically classifying words according toation, as we noted above. Our approach avoids both problems.
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Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for OUr research addresses some of the same questions and
automatically clustering words according to their distriUses similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain
annealing is used to find lowest distortion sets of clusteitkien senses classes and associations between the classes
As the annealing parameter increases, existing clustefisemselves. While it may be worthwhile to base such a mode
,,ggg?'gﬁsltjgﬁ%bg? fahned dseﬂgfjg:ggiéfg'ggugerg‘ggrggC?Jn preexisting sense classes (Resnik, 1992), in the work desg
basis for class models of word occurrence, and the b_ed _herg Seleel el et i de_r_lve the classes directly from
models evaluated with respect to held-out data. distributional data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster|
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding
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models for deciding among alternative analyses proposetEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single re}anqn betwgen a transitive main verb
It is well known that a simple tabulation of frequencie"%gd the head noun of its direct object. Our raw knowledge
of certain words participating in certain configurations, fgtoout the relation consists of the frequencies <EQN/> of

example the frequencies of pairs of transitive main verb 9ccurrence of particular pairs <EQN/> in the required con-

and the head of its direct object, cannot be reliably used _f|gurat|on in a training corpus. Some form of text analysis

for comparing the likelihoods of different alternative confit> required to collect such a collection of pairs. The corpus

gurations. The problem is that in large enough corpora, tHg€d in our first experiment was derived from newswire text
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,
number of event occurrences in the corpus, so many evehi93): More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts Jyth the help of a statistical part-of-spt_aech tagger (Ch“FCh'
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching
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. o . . ook care to filter out certain systematic errors, for in-
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ject for a verb from the likelihoods of that direct object fogg the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventgyenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in

in many cases, but it is not clear how it can be used diretgfms of associations between elements in each coordinate
ly to construct classes and corresponding models of ass@6id appropriate hidden units (cluster controids) and associ-
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3.4. Argumentative Zonesand RDP Slots

In this thesis,we originally setoutto generatdcRDPs.The semanticof the individual
argumentatre zonesare obviously very closeto RDP slots, but algumentatre zones
andRDP slotsarenot the same We will now discusgherelationbetweernthetwo.

Argumentatre zonescanbeseerasproviding the materialof text which might
go into the RDP slots.In a subsequenprocessingtepnot treatedin this thesis,full
RDPscould be createdfrom the information containedin agumentatie zones.The
RDP presentedh section2.3.2wasmanuallycreatecbasecdnanannotatedersionof
the examplepaper obtainedn the annotatiorexerciseto be describedn chapter.

Someof the zones the non-basiccategories,are shortand containimportant
information;they canthereforeactasdirectslot ller swithoutrequiringmuchfurther
work. AIM zonesfor example,constitutea goodcharacterizatioof the entire paper
which is typically only onesentencéong. They arethusalreadyextremelyusefulfor
thegeneratiorof abstracts.

But BACKGROUND, OTHER andOwN arelongerzoneswhich shouldbe seen
assearchgroundfor later processed-or example,assimplesentencextractiondoes
not take the context of a sentencento accounta selectedsentencemight turn out to
be describingother peoples work. This is a grave error, particularlyif the sentence
expresses statementwhichtheauthorseject.By searchingandextractingfrom argu-
mentatvely zonedarticles,wherezonessuchas OwN and OTHER aredistinguished,
thiserrorshouldbeeliminated.

Thereis anothertask which agumentatre zonesas searchgroundis useful
for. Thistaskis theassociatiorof identi ers of otherwork (formal citations,namesof
researchersjamesof solutions)with the statementhat expresseshe authors stance
towardsthe work.

This taskis neededn orderto generatdRDPsfrom argumentatie zones.Our
approachhasa more concisede nition of citation context (cf. O'Connor's (1982)
work) than previous approachesCitation mapsdisplay only one sentencenamely
the sentencavhich expresseghe evaluative statementln contrast,Lawrenceet al.'s
(1999)CiteSeen(which displayscontects in atext extractfashion,cf. the exampleon
p. 34),andNanbaandOkumuras (1999)tool operatewith amuchlarger citationcon-
text. ConsideNanbaand Okumuras exampleof a contrastve citation context (taken
fromp. 927):
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1 In addition,whenJapanesis translatednto English,theselectiorof appro-
priatedeterminerss problematic.

2 Varioussolutionsto the problemsof generatingrticlesandpossesse pro-
nounsanddeterminingcountabilityandnumberhave beenproposedMurata

and Nagao,1993]

3 The difference betweenthe way numerical expressionsare realizedin
JapanesandEnglishhasbeenlessstudied.

4 In this paperwe proposean analysisof classi ers basedon propertiesin

bothJapanesandEnglish.

5 Our category of classi er includesboth Japanes@sushi numericalclassi-
ers' andEnglishpartitive nouns.

NanbaandOkumurastool displayssentence2—4 (therefeeenceareq). In our
approachpnly sentence8 would be displayedwhich impliesthatonemustaddition-
ally determinewhich otherwork the currentcontext refersto. In this case theformal
citationin sentenc& mustbe extracted.As anadditionaldif culty , the authorsmight
have useddifferentkinds of identi cation of the otherwork, e.g.authornameor solu-
tionidenti er. We aimto treatthesetypesof identi cation alike,insteadof recognizing
only formal citations(like NanbaandOkumurado).

NanbaandOkumurasapproacheliesonthesimplifying assumptiorthatiden-
ti cation andcitationof anapproactoccurin the samesentencegr atleastvery close
togetherHowever, thisdoesnot have to bethecaseln ourexamplepaperthedescrip-
tion of the work of Hindle (1993)andits weaknesseextendsfrom sentence$ to 9.
Textual separations anissuethatneedso be addressedasit is evenmore likely for
importantreferenceswherethe authorswill take sometime andspacedescribingthe
otherwork (we alsonoticedthattextual separatioms morelik ely for CONTRAST zones
thanfor BASIS zonesastheseareoftenlonger).

Argumentatre zonescanhelpusassociatéextual spanselongingto authors'
description®f otherwork becaus®f regularitiesbetweerzonesvhichwe call rhetor
ical patternsFor example,neutraldescriptionof otherresearchersiork oftenoccur
in combinationswith statement®xpressinga stancetowardsthat work. We believe
thatthosekinds of dependenciesanbe helpful for automaticArgumentatre Zoning:
in section5.3.4.2 we will useanngrammodeloperatingover sentenceto modelthese
regularities.Frominformal inspectionof our corpus,however, we suspecthatin our
corpusthe dependenciearenot asstrongas Swales' claimsabout x ed orderwould
imply—possiblydueto theinterdisciplinarityof our corpus.

Figure 3.24 illustratestypical algumentatie patterns.The identi ers (i.e. re-
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d) e)

Figure3.24:Typical RhetoricalPatterns

searchershamesformal citationsor solutionnames)resigni ed by smallsquares.

a) Generalstatementgypically precedemore speci c ones;e.g.,generalback-
groundmaterialis followed by descriptionf speci ¢ otherwork.

b) A prototypical patternfor CONTRAST: The other solution is identi ed, de-
scribedandcriticized.

c) A prototypicalpatternfor BAsIS: Theothersolutionisidenti ed anddescribed,
thena statemenbof intellectualancestryfollows.

d) Theotherworkisidenti ed andcriticizedbeforeit is describedThis patternis
rathercommon thoughit doesnot occurasfrequentlyaspatternb).

e) Theotherworkisidenti ed afterit hasbeendescribedandcriticized. This pat-
ternreadssomevhatawkwardly, but it doesoccurseveraltimesin our corpus.

f) A lessimportantcontrastve approactwhich doesnotgetmuch“real estate’in
thepaper

g) Otherwork is introducedandidenti ed, but no stanceas expressedin section
3.2.2we amuedthatsuchpatternscontribute nothingto theagumentatiorand
thatthe authorswastespacen the paperwhich suchmoves.Neverthelessywe
found mary suchpatternsan our corpus.Oneof the possiblereasonwhy they
were were usedneverthelesds that they sene the move SHow: AUTHORS
ARE KNOWLEDGEABLE. As predictedmostof patterngy) foundin ourcorpus
areshort,i.e. thework is presumablynot crucialto theagumentation.
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h) After the own solutionhasbeenintroducedadwantage®f it canbe presented
by comparisongo otherwork, oftenin parallel steps.This is a prototypical
patternfor comparisonsvith otherwork, particularlyin conclusionsanddis-
cussionsections.

i) A statemenof intellectualancestryoccursin themiddle of adescriptionof the
own solution.We foundthatif someotherwork is citedin an OwWN segment,
it is generallymorelikely to bea BASIS zonethana CONTRAST zone.BASIS
zonesarealsooverallshortethanCONTRAST zonesmary of thesestatements
just statethefactthatwork is basedn otherwork, or acknaviedgemethodsor
dataused.

In an approachbasedon Argumentatre Zoning, adjaceng of argumentatre
zonesand assumptionsbouttheir connectionto a given zone can be usedto nd
the mostlikely citation associationFor example,if a zoneexpressingauthorstance
hasbeenidenti ed which doesnot containan identi er, adjacentzonesof otherre-
searcherstork canbe searchedor identi ers mostlikely to be associatedavith the
zone.

) K)
al

Figure3.25:Likely andUnlikely RhetoricalPatterns

An aidein this could be provided by the following obserationwhich is illus-
tratedin gure 3.25:we foundthatif two zonesof neutraldescriptionoccurarounda
criticism zone, it is very unlikely thatthe neutralzonesreferto the samework (asin
J); it is farmorelik ely thatthey referto differentwork (asin k).

Additionally, agumentatie zonescould be usedin ContentCitation analysis
to provide a simpleandautomationeansof estimatingtheimportanceof a citedwork
for theciting work, asmorerelevantOTHER work will probablyreceve morespacan
thearticle.
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3.5. RelatedWork

Argumentatre Zoning is a new task, but thereis muchwork in computationaland
theoreticallinguistics and in languageengineeringwhich is closely related.Firstly,
thereareothertypesof zoningof text, i.e. methodswhich breakdocumentsnto seg-
ments;it is thede nition of thezoneswhichis new in our approachWhile mostother
approachesry to segmentpapersinto topic-relatedzones(Morris and Hirst, 1991;
Hearst,1997), our approachis more similar in natureto Wiebe's (1994) work. Her
approachalsoattemptgo determinea rhetoricalfeature hamelyevidentiality or point
of view in narratve. Thetaskis to determinethe sourceof informationin text which
mightbeeithersubjectve or objectve.In newsreportingandnarratve, this distinction
is importantascoherensggmentspresentingopinionsandverbalreactionsare mixed
with segmentspresentingobjective fact. Her four categyoriesaregivenin gure 3.26
(examplegakenfrom Wiebeetal. 1999,p. 247).

Subjectvity is a propertywhich is relatedto the attribution of authorshipas
well asto authorstance but thereare obvious differenceshetweenWiebe's and our
distinction,which arerootedin differencedetweerthetext typescovered.As will be
discussedn chapters, someof the sententiafeatureswve useare comparablgo hers
(e.g.occurrenceof rst or third personpersonalpronouns)However, her processing
doesnot go as“deep” asoursin trying to determinethe agent/actiorstructureof the
text.

Another kind of discoursesegmentaltogetheris de ned by topic segments
(Morris andHirst, 1991;Kozima,1993;Hearst, 1997;Kanetal., 1998;Raynay 1999).
The generalnotion behindwork like this is that thereis a connectionbetweenthe
discovery of aboutnessr discourseopicsandtextual organization.

Practicalwork in topic segmentdeterminationgoesback to Skorochod'ko

Subjectve At several differentlevels,it's a fascinatingtale.
Objective Bell Industriesinc. increasedts quarterlyto 10 centsfromseven
centsa shae.

Subjectve SpeechAct | The SouthAfrican BroadcastingCorp. said the song“F reedom
now” was“undesirablefor broadcasting”

Objective SpeechAct | NorthwestAirlines settledthe remaininglawsuits led on behalf
of 156 peoplekilled in a 1987 crash,but claimsagainstthe jet-

liner's maler are beingpursued,a fedeal judge said.

Figure3.26:Wiebe's (1994)Subjectvity Cateyories
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(1972) who makes the connectionbetweentopical segmentationand relatednessf
terms:wheneer the valueof “semanticrelatednessbdf a sentencevith respecto the
precedingchunkof sentencefalls belon a threshold he proclaimsa new topical text
segmentto begin. This ideais taken up in approacheso topic sggmentationsuchas
Hearsts (1997)TextTiling. Theassumptions thatwordswhich arerelatedto a certain
topicwill berepeatedvhenerer thattopic is mentionedandthatthe choiceof vocab-
ulary will changewhena new topic emeges.Hearstdeterminedoundariesf topic
sgmentdy calculatingvocatulary similarity betweerntwo adjacentwindows of text.
Similarity is de ned usingthefrequeng of non-stopnvordtermsin eachsegmentwith-
out taking their inversedocumenfrequeng into accountVariationsof herapproach
arediscussedn Richmondet al. (1997)wherethe conceptsf global frequencyand
local burstinesg(proximity of all or someoccurrence®f multiply occurringcontent
wordsin atext) areusedto re ne thede nition of segmentsimilarity. Raynars (1999)
systemworksby similar principles,but includesa rangeof otherheuristics similar to
theonesusedin text extractionmethodgcf. section2.2.1).

Our work is differentin its interestin rhetorically ratherthantopically, co-
herentsggments.The algumentatre zonea sentencédelongsto is a distinctionwhich
oftencutsacrosssubtopiczones Onesubtopicmight be mentionedn severaladjacent
argumentatre zones For example the nameof a problemmightberepeatedn thein-
troduction,in thedescriptiorof otherresearchersiork, the statementvhichdescribes
weaknessesf thatwork, in the goal statementandin the descriptionof the own so-
lution. On the otherhand,someof our larger zones particularlythe OwnN zone,will
containmary subtopics.Thus, the apparentsimilarities betweentopic sggmentation
methodsandArgumentatire Zoningaresuper cial.

Thereis a secondgroup of work, providing modelsof argumentatiorwhich
have a more generalaspiration,analyzingargumentatie scienti ¢ discoursefrom a
theoreticalandlogic point of view (Toulmin, 1972; Perelmanand Olbrechts-Vteca,
1969; Horsellaand Sindermann,1992; Sillince, 1992). Argumentationin theseap-
proacheds concernedwith arbitrary factsaboutthe world andtheir relation. For a
computationatreatmento coverthis, full text comprehensiomwould berequired.Co-
hen's (1987)work is more computationallyminded.It is a generalframenork of ar
gumentatiorfor all text types,basedon the constructiorof claim-evidencetreesfrom
argumentatre text (cf. gure 3.27,takenfrom Cohenl1987,p. 15):
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N\
3/ \4

Thecity is adisastearea
Theparksareamess
Theparkbenchesrebroken
Thegrassyareasareparched
Returningto city problemsthe
highwaysarebadtoo

a b wN Pk

Figure3.27:Cohens (1987)Evidence-ClainTrees

Argumentatre structurein herapproachs relatedto linear orderandsurface
meta-discours€‘clues”) like the phrase‘returning to city problems$. Processings
incremental;rules expresswherein the treeincoming propositionscan be attached.
This is similar to Polaryi's (1988) discoursegrammarsvherethe rightmostnodeat
eachlevel of the treeis alwaysopenandall othernodesclosedfor attachmentCo-
hensuggestsheimplementatiorof a separatelue modulewithin herframevork and
considerglueinterpretatioras“not only quite usefulbut feasible”(p. 18).

Cohens approachs notimplementedThereasorfor thisis thatit presumes
“evidenceoracle” which candetermineif a certainincomingpropositionis evidence
for anotheistatemenélreadyin thediscourseree. Thisis ahardtask,requiringgeneral
inferenceon the objectlevel which we aretrying to avoid atall cost.

An approachor thegeneation of naturallanguageargumentss givenby Reed
andLong (1998) and Reed(1999). The approachis basedon amgumentatiorntheory
(cf. vanEemereretal. (1996)for anoverview). Their RHETORICA systemusesplan-
ningto generatg@ersuasie texts by modellingusers'goalsandbeliefs.Apartfrom the
factthatthis approachs notconcernedvith theanalysisof algumentsthebiggestdif-
ferencebetweernthis work andoursis thatinsteadof formally manipulatingrelations
betweerfactsin the world we modelprototypical( xed) scienti c argumentationn a
farmoreshallov way.

Thethird groupof work relatedto Argumentatre Zoning arediscourseheo-
riesfor rhetoricalstructure.Discoursestructureis concernedvith two aspectf the
organizationof sentencesa) thefactthatthe sentences onetopicalor rhetoricalsey-
mentof thetext arein relationto eachotherandb) thatdifferentsggmentsalsohave an
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inter-seggmentalorderingof intentionalrelations.This is oftenreferredto asmicro vs.
macio-structue (vanDijk, 1980).0thernamedor macro-structurarediscourse-leel
structurepr large scaletext structureln awell-written text, thefunctionof micro sey-
mentswith respecto the macrosegment,aswell asthe functionof a macroseggment
with respecto the text asa whole, is signalledby surfacecues.Cuesat micro-level
are for exampleconnectes betweenclauses(“b ut, thus”) or enumeratiormarkers
(“r st,secondJast...”). Cuesat macrolevel are phrasesf the kind “next we will
showthat...”.

We considerheregeneraltheoriesof text structurewhich arebasedon inten-
tional or communicatre actsof the writer. Examplesof rhetoricalfunctionsare “to
corvince a reader”,“to provide an example” or “to recapitulate”. The commonas-
sumptionis thatin trying to communicate (setof) message®.g.,in anamgumentatre
text, humansmploy a hierarchicaintentionalstructure.

A bottom-upapproacho rhetoricalrelations pasecnamodelof humanmem-
ory organization,is describedn the seminalpaperby Kintsch andvan Dijk (1978).
Their main claims aboutdiscourseorganizationare that text contentis hierarchical
andthat relevanceis an aspectof discourseorganization.Their modelstartsfrom a
manually-createdpgical, but surface-orientedepresentatioffior propositions.Con-
nectedness calculatedusingthe overlapof grammaticabigumentsn this represen-
tation.Eventhoughtheirtheoryof text comprehensiors plausible we donotconsider
it here,astheir approactbypasseshe essentiatext analysisphase—thisneanghatit
cannotbe usedfor practicalsummarizatiorof unrestrictedext (section2.2). Instead,
we turnto theorieswhich work by consideringnoresuper cial cues.

Groszand Sidner(1986) presenta hierarchicaldiscoursestructurebasedon
threetypesof structurelinguistic, intentionalandattentional Intentionalstructurein
theirmodelis de ned by thoseintentionsthatthewriter or spealerintendedhehearer
to recognize(in contrastto privateintentionslike to impresssomebody)Intentional
structureis associatedvith linguistic units, discoursesggments.Two structuralrela-
tions (dominanceandsatisaiction-precedencéiold betweernthe segmentsin contrast
to Swales' model,andsimilar to Cohens, anin nite numberof differentintentionsis
possible.

GroszandSidnerstatethatthreekinds of informationplay arole in the deter
minationof the discoursesegments:speci ¢ linguistic markers,utterance-leel inten-
tionsandgeneraknowledgeaboutactionsandobjectsin thedomainof discourseOne
of their main claimsis thatthe useof certainlinguistic expressiongik e referringex-
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pressionss constrainedy the attentionaktructure The attentionalstructurecontains
informationaboutthe differentpossiblefoci of attentionin the corversation:salient
objects propertiesandrelations.

Theneedto recognizeheintentionsandtheirrelationto previousintentionsis
aidedin GroszandSidnersexample asastronglyhierarchicatask-structureinderlies
theirexampledialogue Thistask-structur@rovidescommorknowledgeaboutthetask
andalsoactsasa specialcaseof theintentionalstructureposited.

RhetoricalStructureTheory (RST, Mann and Thompson1987,1988)is also
basedon the notion that text structureserves a communicate role. In contrastto
Groszand Sidner the documentstructureis basedon a xed setof rhetoricalrela-
tions holding betweenary two adjacentclausesor larger text segments.Their main
claimsarethat discourses characterizedy stronghierarchicalrelationsand by the
predominancef structurapatternof nucleus/satelliteype. Therelationsaretypically
asymmetriandinclude CIRCUMSTANCE, 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
rhetoricalrelationsarekeptgeneralbon purposeasillustratedby the onefor JUSTIFY:

JusTIFY: aJusTIFy satelliteis intendedto increasehe readers readinesso
accepthewriter's right to presenthe nucleamaterial.
(MannandThompson1987,p. 9)

During the analysis,the analysteffectively provides a plausiblereasonthe
writer might have hadfor including eachpartof the wholetext, cf. gure 3.28,taken
from (MannandThompson;1987,p. 13-14).

Ambiguity of relationsandstructureareconsideredormalin RST (Mannand
Thompson1987,p. 28). This vaguenesposesa problemfor computationabpplica-
tionsasit leadsto multiple RST analysedor a givenpieceof text. Anotherdilemma
is thatresearcherbuilding their work on RST have often inventedtheir own, similar
relations,suchthat therewasa proliferation of private RSTFlike schemesMaier and
Hovy (1993) list more than 400 RSTtype relationsusedin the eld. This dilemma
couldbe mitigatedby a corpus-basedpproacHik e Knott's (1996).

Anotherdif culty is theunit of annotationlt haslongbeendebatedandis still
entirelyunclear whatthe formal linguistic criteriade ning suchunitsmight be.Con-
sidet for example,unit 7 in gure 3.28(*notlazines$). Thisunit hasbeendetermined
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1-7
background
1-3 4-7
volitional result evidence
TN ,/\
1 2-3 4 5-7
circumstance concession
/\ /\
2 3 5 6-7
antithesis
PR
6 7

1 Farmingtonpolice hadto helpcontroltrafc today

2 whenhundred=f peoplelined up to be amongthe rst applyingfor jobsat the
yet-to-operMarriott Hotel.

3 Thehotel's help-wantedannouncement—fa300 openings—was a rareopportu-
nity for mary unemplyed.

4 Thepeoplewaitingin line carrieda messagea refutation,of claimsthatthe job-
lesscouldbe emplgyedif only they shavedenoughmoxie.

5 Everyrule hasits exceptions,

6 but thetragicandtoo-commortableauxof hundredsf eventhousandsf people
snale-lining up for ary taskwith a paycheckllustratesalack of jobs,

7 notlaziness.

Figure3.28:SampleRST Analysis

as“clause-like” asit obviously carriesalot of informationin this particularagument.
However, syntacticallythis unitis only asingleNP in a VP ellipsisconstruction—one
is now in needof agenerakyntacticcriterionwhich de nesthis phraseasa clause put
excludessimilar otherNPs.

RST hasbeenextensiely andsuccessfullyusedfor text generationg.g.of tu-
tor responsegMoore and Paris, 1993),and of texts describingship movementsand
air traf c controlproceduregHovy, 1993).For this purposevioserandMoore (1996)
suggesasynthesiof RSTandGroszandSidnerstheory Ontheanalysisside,aprob-
lem of recognizingRSTrelationsis thatmostrhetoricalrelationshipsarenot explicitly
marked by connectves,or thatit is not clearat which level in the tree a given unit
shouldconnect.

Marcuusesheuristicsbasedn punctuatiorandcuephrasego recognizeully
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hierarchicalRST structurein popularsciencetext (Marcu, 1997a,1999a,b).One of

theapplicationsof the generatedtructureis summarizationThetexts Marcuusesare

heavily edited,unlike ours;this makesparsingeasieraspunctuationcanbe expected
to be standardisedT he texts arealsowell-written: whereasn our texts expertscom-

municatewith experts,thesetexts areaimedat makinga possiblynon-epertaudience
understandlif cult scienti ¢ facts.To do so, causalityand otherrhetoricalrelations
areoftenovertly signalled.

AnothersystemthatusesRST relationsfor summarizatior{of Japaneseexts)
is BREVIDOC (Miik e etal., 1994;Sumitaetal., 1992;0Onoetal., 1994).Connectve
expressionsn sentenceareidenti ed andusedto build arepresentationf therhetor
ical relationsbetweensentencesA cumulatve penaltyscoringtechniqueis usedto
selectthe mostplausiblebinary tree. Abstractsof variablelengthare producednter-
actively from this structure.

At rst glanceRSTtyperhetoricalrelationsmightlook abit like RDPslots,but
they have adifferentstatuswherea®R STmodelsmicro-structurei.e. relationsholding
betweenclausesRDP slotsdenotemacrostructure,i.e. global relationsbetweenthe
givenstatemenandtherhetoricalactof thewholearticle.

While we agreewith RST thatmicro-level structureis likely to be hierarchical
andcanbewell describedy RSTrelationswe choosenotto modeltheserelations For
exampleour move DESCRIBE: OWN SOLUTION, which s particularlylong, includes
a descriptionof the methodology evaluation strategyy etc. The internal hierarchical
structureof this move doesnot receve ary attentionin our approachbpecauseve
believe that mary of the local rhetoricalrelationsbetweensentencesind clausesare
irrelevantfor our task.

We believethatit is macro-structurandnot micro-structuravhichis usefulfor
summarizatioranddocumentepresentationWe alsobelieve that RST is not ideally
suitedto model macro-structurend that macro-structures more usefully described
by an annotationschemdik e ours.Whenhumansare asled to assignRST relations
betweerbetweerparagraphandlargersegmentsthey oftenhaveto resortto thetrivial
RST relation JOINT. Thereseemto be fewer constraintson relationsbetweensuch
segmentsandwe doubtthatthis structures hierarchicalin the sameway that micro-
level relationsare.

A relatedfactshowing thatit is indeedmicro-level relationsthataremodelled
by RSTis thefactthatthe cuephrasesisedin RSTapproachetendto beconnectves,
which operatebetweerclausegKnott, 1996;Marcu,1997b).
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Moreover, eventhoughMannand Thompson(1987)claim thatRSTis “unaf-
fectedby text sizeandhasbeenusefully appliedto awide rangeof text size” (p. 46),
RST analystgypically useshorttexts. Marcu (1997b),for example,usestext with an
averageof 14.5sentencesgsndMannandThompsordescribeatext of 15 utterancess
a‘“largertext” (p. 22)—whereasve wantedto reliably annotatearticlesseveral pages
long.

To summarizeour obsenationsfrom looking at intention-base@ccountshi-
erarchicalintentionalrelationsat micro-level might not be necessaryor our task;we
believe that global text structureis far moreimportant.Secondlyrhetoricalrelations
betweerntwo segmentscanberecognizedy overtcluesif they arepresentlf they are
not, thereis a problem.Theremainingpossibilitiesarethefollowing, all of which are
notvery appealing:

Onecould usesimple, short, well-editedtexts with standardizegbunctuation
(Marcu,1997a).

Onecouldusetask-structuredexts (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 Argumentatre Zoning relies on more super cial ex-
pression®f scienti ¢ agumentation.

3.6. Conclusion

We have introduceda model of scienti ¢ agumentationwhich describeshe argu-
mentatve structureof the articlesin our corpus.This modelincorporatesdeasfrom
Swales' CARS theoryof agumentatire moves,a certainview onthe problem-structure
of scienti ¢ researcltandauthors'statementsiboutproblem-solvingorocessesa dis-
tinction of contrastve vs. continuatve authorstanceandour own obsenationsabout
the attribution of ownershipin scienti ¢ articles.We have operationalizedhis model
asa 7-prongedannotationschemeWe call the processof applyingit to text, i.e. of
determiningtherhetoricalstatusof eachsentenceArgumentativeZoning



126 Chapter3. Argumentatie Zoning

We concludethattexts anddiscoursegsanhave multiple structuresat the same
time, which arenot necessarilysomorphic.Certainstructuresare particularly domi-
nantin sometext types andcertainstructuresareparticularlyusefulfor sometasks It
seemghatfor scienti ¢ textsourmodel—relyingon x ed,text-typespeci c agumen-
tative moves—describesnesuchstructurefor which bothis true at the sametime.

The novel aspectf our schemearethatit appliesto differentkinds of sci-
enti ¢ researcharticles,becauset relieson the form and meaningof argumentative
aspectgoundin thetext typeratherthanon contentsor physicalformat.It shouldthus
beindependenof articlelengthandarticlediscipline.

Other structuraldescriptions thoughuseful in their own right, do not t as
nicely to both task andtext type: the x ed rhetoricalstructureof scienti c articles,
describedoy modelslike van Dijk’ s, Kando's andKircz', relieson expectationsspe-
ci ¢ to certaindomainsandthereforecannotdescribeour datawell. Generalframe-
works suchasthe onesdiscussedn the previous section,however, do not exploit text
type-speci cexpectationandthereforecannotoffer muchhelpfor automaticstructure
recognition.

Figure 3.29 shaws therole of RDPsand Argumentatre Zoning asintermedi-
ariesbetweerreaderandwriter: whereasRDPsarearepresentationf whatthereader
wantsout of atext (cf. chapter), agumentatre zonesarearepresentatioof whatthe
authorputinto thetext.

o

Argumentative | A -
: rgumentative
Zoning Document Strgategy

- %

Writer

% -~ -

Reader RDP

Figure3.29:Argumentatie ZoningandRDPs

This chapterhasrecastthe task of building RDPsas that of Argumentatre
Zoning.Thefollowing questionsaboutArgumentatre Zoningnow have to beasled:

How intuitive is Argumentatre Zoning?Are the de nitions of our cateories
meaningfulto otherhumans?o answetthis questionwe obseredhumanan-
notationwith our annotationschemeon naturallyoccurring,unrestrictedext.
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We will shav in chapter4 that humanscan perform Argumentatie Zoning
robustly.

How well canArgumentatre Zoning be performedautomatically?To answer
this question,we built a prototypethat appliesthe schemeautomatically as
reportedn chapters. Theresultsshov that Argumentatre Zoning canbe per
formed automaticallyin a robust fashion,althoughhumansare substantially
betteratthetask.






Chapter 4

A Gold Standard for Argumentative

Zoning

In the previous chaptey we have introduceda new task: Argumentatre Zoning. We
will in this chapterde ne the speci cs of the taskin sucha way thatwe endup with
gold standadsfor it: ade nition of whatthe“right answer’for a setof exampledoc-
umentsshouldlook like. For any new task,theright evaluationmethodis an essential
designcriterion.Of courseijt is essentiathatthe gold standard®e de ned before the
experimentandindependentlyf it.

Gold standardsare alsoneededduring systemdevelopment.n chapters, we
will describean automaticprocedurefor determiningargumentatre zones.We will
useour goldstandards$o determinesententiafeaturesandto provide trainingmaterial.
Importantly gold standardsene for progressvaluation:the evaluationof day-to-day
changego currentversionsof the system.

Section4.1is concernedvith nding the right evaluationstratey for Argu-
mentatve Zoning.As it is anew task,thereis no existing evaluationstratayy for it, but
the evaluationstratgiesfor similar taskscaninform our decision.We decideto use
humanjudgementwe will thendiscusshow exactly to de ne thetaskin suchaway
thatthe similarity of suchjudgement®n thetaskcanbe measureabjectively.

We will thendiscusswhich numericalevaluationmeasureso usefor the re-
liability studies(section4.2). The restof the chapteris dedicatedto describingthe
reliability studieswhich measurenow muchour humanannotatorsagreewhenthey
performArgumentatie Zoning.

129
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4.1. Evaluation Strategy

In sections4.1.1 and 4.1.2, fact extraction and text extraction approachesre con-
trastedin the light of their evaluationstratgies. This contrastwill leadto a list of
desiredpropertiedor our gold standardandmotivateour concreteavaluationstratey
for Argumentatre Zoningin sectior4.1.3.

4.1.1.Evaluation of Fact Extraction

In template- lling taskslik e the MessagdJnderstandingConferencMUC; cf. sec-
tion 2.2.2),thegold standardsirecalledanswerkeys they areprovidedby information
specialistsEvaluationproceedsy directcomparisorof theslot llers presentedby the
competingsystemawith theanswerkeys.

Answerkeys canbe of differentkinds: they often consistof extractedtextual
strings, e.g. NPs; sometimeghe answeris one of a x ed setof answerg(“Wasthe
positionnewly createdpor hadit existedbefore?”).These x ed-choiceslotsoftenre-
guireinferencefrom subtlelinguistic cues.Slotscanalsobe lled by pointersto other
templatespr may containnumericalvalueswhich the systemdhave to calculateif the
valuesarenot presenin thetext.

It is easyfor humango assesthecorrectnessf theseanswelkeys afterhaving
readthe text, asthe slot semanticds concreteand domain-speci c.However, even
thoughhumanscan decidewhetheran answerkey is corrector not, it is still not an
easytaskfor humanexpertsto Il templateslotsconsistentlyFor morecomplex slots,
theremight be two different, but equally appropriate(“correct”) keys—super cially
differentmaterial,comingfrom differentplacesn thedocument.

Sometimesthereis an overlap problem,e.g. when one annotatordecidesto
includeanappositionof anNP in a slotandthe otherdoesnot. Annotationguidelines
(ChinchorandMarsh, 1998) provide decisioncriteria for this and other problematic
cases.

To measurdow oftenannotatorslisagreeasubsebf thematerial{about30%
of thetexts), is provided with answerkeys by morethanoneexpert. The keys of one
annotatoraretaken asgold standardn turn, andpercentagegreementis calculated,
i.e. the percentagef identical keys over total keys. A full discussionof evaluation
measuredor taskslike this is givenin section4.2. In MUC, only reproducibilityis
reported(e.g.83%for ScenarioTemplates)no stability testsareconductedi.e., it is
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not measuredf the sameannotatowill annotaten a similar way at a differentpoint
in time.

Therearedisadwantagesassociatedvith this type of gold standardA simple
comparisonof one xed answerkey doesnot incorporateenough e xibility to deal
with casesvherethe systems answelris differentfrom the answerkey. As we cannot
performdeepunderstandingye needafair comparisormethodwhich dealswith sur-
facestrings.Direct surfacecomparisonsnight punishthe systemunfairly: theanswer
mightbe a stringwhich looks differentbut meanssomethingvery similar to the given
answelkey. Fairersystemevaluationshouldgive the systema scorebetterthanzeroin
casea second-bestnswers retrieved by the systeminsteadof the bestanswerWhat
is neededs agold standardvhich canprovide somekind of fall-backoption,i.e. other
acceptable—albelessrelevant—answers.

4.1.2.Evaluation of Text Extraction

Gold standardgonsistingof whole sentences-target extracts i.e. a setof sentences
thattogetherconstitutethe bestpossibleextractfrom a document—arestill the most
typical gold standardor text extraction-typesummarizersastargetextractsallow for
a simplecomparisorwith the machineproducedextracts.The problemof evaluation
seemdo getsimplerwhengold standardsarealwaysfull sentencesat least,thereis
no overlapproblem,astheremightbewith MUC answelkeys.

Therearedifferentmethodsvherebyonecouldachieve atamgetextract,e.g.by
askinghumango selecimportantsentenceom thetext, or by nding otherindepen-
dent,objectve criteriafor “extract-worthiness”e.g.similarity of documensentences
with sentences a human-writterabstract.

4.1.2.1. Free-selectingsentencedgr om Documents

Early researcherdevelopingcorpusresource$or summarizatiorwork have oftende-
ned their own target extracts,relying only on their intuitions (see,e.g.(Luhn, 1958;
Edmundson1969)). Somehave tried a more objective approachoy askingunrelated
humango preparea tarmgetextract,i.e. subjectswhich arenot involvedin the process
of automaticsummarizationSeveralresearchergeportreasonablagreemenbetween
their subjectgKlavanset al., 1998; Zechney 1995)for free-selectingsentencesrom
newspapetext.
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Using unrelatedsubjects however, still doesnot guaranteebjectiity: Paice
and Jones(1993)rejectthe useof free-selectedentencesor the evaluationof their
template-generatesimmariesasa smalltrial shovedthattheir (expert) subjects'se-
lectionstratgjieswerevery heavily biasedtowardstheirindividual researchnterests.

Thetexts choseraretypically short,sothattherearefew alternatve sentences
thatcould have beenchoserby the subjectsandthejournalisticstyle makesthe selec-
tion easierstill: themostimportantsentencewill befoundin thebeginning(Brandav
etal., 1995).

For scienti c text, thelevel of subjectvity neededor thetaskmightbehighet
Rathetal. (1961)reportlow agreemenbetweerhumanjudgescarryingout freeselec-
tion. If six subjectsvereasledto select20 sentencesut of Scienti c Americantexts
rangingfrom 78to 171 sentencesll six of themagreedonly on 8%, and ve agreed
on 32% of the sentenceRathet al. alsofoundthatannotatoronly chose55% of the
sentencethey chosesix weeksago.Edmundsor(1961)reportssimilarly low human
consisteny.

Thetext extractionevaluationstratgy alsosuffersfrom surfacecomparability
problemsanidealgold standardshouldtreattwo or moresentences thetext alike, if
they expresshe samesemanticsHowever, targetextractsdo notaccountor thecases
wheretwo sentencegredirectly replaceablepr wheretwo sentencesakentogether
containroughlythe sameinformationasanotherone.Thereis not a singlebesttarget
extractfor adocument:

[the] lack of inter andintra subjectreliability seemgo imply thatasingleset
of representate sentencesloesnot exist for an article. It may be thatthere
are mary equallyrepresentate setsof sentencesvhich exist for ary given
article. (Rathetal.,1961,p. 141)

4.1.2.2. Abstracts asGold Standards

Onewouldideallywantagold standardvhich allows differentresearchieamso repli-

catethe gold standardAsking humango selectsentencesloesnot provide this level

of objectvity, of course asrelevanceis situational(cf. section2.1). Researchersave

thuslooked for an independent,x ed de nition of relevancewhich comeswith the

text itself andwhich cannotbein uenced anymore,e.g.onethatis basedon a historic

decisionof a professionalthe indexer or the abstractor)Sucha gold standarccould

be given by a back-of-the-bookndex (Earl, 1970),or by the human-writtenabstract
(Kupiecetal., 1995).
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Earlusedaback-of-a-bookndex to identify all sentencem abookchaptethat
containedanindexedterm;theseindexible sentencesonstitutehergold standardBut
scienti ¢ articlesdo nottypically containback-of-a-bookndexes.Kupiecetal. (1995)
usethesummarysuppliedwith thearticleinsteado de ne thegold standargentences:
their gold standards the setof sentences the sourcetext thataremaximally similar
(“align”) with a sentencean the summary An automaticsimilarity nder is usedto
identify potentialpairs of summaryand sourcetext sentence®y super cial criteria;
subsequentlya humanjudge (presumablyone of the systemdevelopers)decidesif
the alignmentis justi ed on semanticgrounds.For alignmentto hold, Kupiecet al.
allow for minor modi cations betweensentencesfull matchespartial matchesand
non-matchesverepossible.

Abstract
A0
Al M
A2 | |
A3

Document

D 202! [~

D 226 (- -

Figure4.1l: TagetExtractby Alignment(Kupiecetal., 1995)

In Kupiecet al.'s corpusof 188 engineeringarticlesplus summariesy 9% of
the sentence#n the summarycould be alignedwith sentence# the sourcetext. In
gure 4.1,for example,documensentence®-200andD-202align with abstracsen-
tencesA-0 andA-3, respectiely. Partsof sentence®-123 andD-226 align with ab-
stractsentencé\-1, whereasbstracsentencé\-2 doesnothave acorrespondingen-
tencein thedocumentExamplegor matchesndnon-matche&om ourcorpusfollow;
they wereobtainedin a duplicationof Kupiecet al.s experiment(cf. section5.3.4.1,
alsodescribedn TeufelandMoens1997).

Summary: In understanding referencean agentdeterminesis con dence
in its adequag asa meanf identifying thereferent. (A-3,9405013)
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Document: An agentunderstanda referenceonceheis con dentin theade-

quag of its (inferred)planasa meanf identifying thereferent.
(S-131,9405013)

The previous sentencepair illustrateda matd, the following sentencepair a
non-matao:

Summary:Recenstudiesn computationalinguisticsproposedomputation-
ally feasiblemethodsor measuringvord distance. (S-2,9601007)

Document: The paperproposes computationallyfeasiblemethodfor mea-
suringcontext-sensitve semantidistancebetweenwords.  (A-0, 9601007)

Thelastexampleillustratesoneof therarecasesvheresyntacticsimilarity does
not mirror semanticsimilarity: however similar, the sentencesave differentproposi-
tional content,asonerefersto previous work andthe otherto the work discussedn
thesourcetext itself.

Gold standardde nition by abstractsimilarity is attractve becausehe ma-
chineryis technicallysimple,andthe de nition solvesthe objectvity dilemma:gold
standardsirede ned by anindependenmethodwhichis in principle outsidethe sys-
temdevelopers'control.Correctingtheautomaticallydeterminedlignment—theonly
pointwherethesystendeveloperdnteractwith thegold standards—requireslatively
little humaninterventionandintroducedittle subjectvity. Kupiecetal. evenarguethat
gold standardsittainedoy uncorrectedalignmentarealmostasgoodfor systemtrain-
ing asthe correctecbnes.Subsequentlytheideaof usingthe abstracasgold standard
hasfoundanumberof followers(Mani andBloedorn,1998;Hovy andLiu, 1998).

However, Kupiecetal's methodintroducesa dependengcon the quality of the
abstractsand on the processof how they were generatedThis is anissuewith our
texts. In our corpus,the abstractavere not written by professionabbstractordut by
theauthorghemseles.

While the literatureon summarizatiortechniquedor professionahbstractors
is large (cf. section2.1.1 and 2.3.1.2),thereis not much researchinto how non-
information specialistggenerateabstractsHowever, it is indeedcommonlyassumed
that authorsummariesare of a lower quality when comparedo summariedy pro-
fessionalabstractorgLancaster1998; Cremmins,1996;Rowley, 1982).Rowley says
aboutauthorabstractghatthey aresometimegoorly written, thatthey oftencontain
toomuchor toolittle data,andthatthereis oftenundueemphasi®nauthors priorities.
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Borko andBernier(1975) similarly cautionthat authorsdo not necessarilywrite the
bestabstractgor their papersandDillon etal. (1989)foundempiricallythatjournal-
scanningeadersftenignore authorwritten summariesf thefull articleis available
too,andrejectthesummariess“misleading”or “biased”.We seesereraldangersvith
authorsummariessgold standard$or our task:

We suspectedhatthereis a lesssystematiaelationbetweenthe information
containedn theauthorwritten summariegndtheinformationcontainedn the
documentslf it is notthecasehattheabstractsverecreategpredominantlyby
selectingsentencedyut if they werecreatedrom scratchasurface-alignment
proceduramight provide too few gold standardgsentencesasndcoveragewould
betoolow, andindeed thisis thecasan our corpus Authorstendto reusdess
of thedocumensentencedyut deepgenerateen sentencefrom scratch.

Thepapersn our collectioncomefrom differentpresentatiostyles,academic
traditionsandcoverawide rangeof subdomainsAs aresult,they differin their
internaldocumenttructure.

They alsodiffer in the structureof their abstractsThereis no guaranteehat
abstractawvritten by the authorskeepto any kind of x ed rhetoricalbuilding
plan, which abstractgproducedby professionabbstractorsio (Liddy, 1991).
Eventhoughtheinformationwhich endsup in theauthorabstractss mostcer
tainly relevant, therearelarge individual differencesof style and preference
with respectto what kind of informationan abstractcontains,particularly if
the authorsof the abstractsvere carelesor biased.In a tasksuchasoursit
is essentiathatif thereis informationwhich is of comparablehetoricalsta-
tus acrosspapersthenthe gold standardshouldmark this information simi-
larly, independentlyf presentatiofiorm or wherein the papertheinformation
occurs.Comparabilityof informationis hardto obtainwith a surface-based
methodanyway, but if authordecisionsaretakento de ne the gold standard,
comparabilityacrospapersecreasedramatically

Indeed a lateranalysig(cf. sectiond.4.1)recon rmsthatthelengthandstruc-
ture of our authorabstractyvary considerablyrom paperto paper

Abstractswritten by professionabbstractorsretypically self-containedsuch
thatthey canbeunderstoodvithoutreferencdo thefull paperin mary exam-
plesin our materialsthisis notthecase.
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Evenworse,it is not evenguaranteedhatall theinformationcontainedn the
abstractwill alsooccurin the main documentn someform. Writing advice
stateghatthe text andthe abstractapartfrom corveying the samesemantics,
shouldbeviabletexts which canbereadontheir own. But someof theauthors
in our collectionassumedhat the abstractwould always be readbeforethe
main document,andin orderto save time, they “abused” the abstractas an
introduction.We found ve papersn our collectionwhereinformationin the
abstractis not repeatedanywhereelsein the main documentSuchcasesare
catastrophidor approachewhich derive their gold standardrom the abstract.

In earlyexperimentswith alignmentTeufelandMoens,1997) we useasimple
surfacesimilarity measuraevhich computeghe longestcommonsubsequenc@.CS)
of non-stop-listwords. The resultsshav a muchlower alignmentrate of 31%in our
corpus,in comparisorto Kupiec's 79%.

For example,considertthe authorsummaryof our examplepaperandthe best-
alignedsentenceggure 4.2).

SentenceéA-2 doesnot align with any documententenceandalignmentsA-
1-113andA-3-147wererejectedby the humanjudge (us) asbadmatchesThe one
acceptablyalignedabstractsentencgA-0) is only partially aligned—withsentences
0 and 164. Overall, the authorsdo not seemto have preparedthe abstractby sen-
tenceextraction:all abstractsentencesareat a higherlevel abstractiorievel thanthe
correspondinglocumentsentences;f. the differencebetweenA-3 and147. It is im-
mediatelyclearfrom thelow level of alignmenthatthis particulartargetextractcannot
beagoodrepresentationf the documentgventhoughthe authorabstracitself is.

Mattersget even more complicatedwhenwe look at the rhetorical statusof
sentenceswhich is essentialfor Argumentatre Zoning. For example, the rhetori-
cal structureof the original abstractconsistedof a sequenceof Researchgoal (A-
0), Solution applied (not inventedby Pereiraet al.; A-1), Further description of
the solution (A-2), and Descriptionof the evaluation (A-3). This summaryis most
similar in type to the summaryfor intellectualancestryfor uninformedreadersas
discussedn 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 documentsentencesnight be super cially similar to the ab-
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Abstractsentences Aligned documentsentences

A-0 We describe and experimentally| O (partial) Methodsfor automatically
evaluatea methodfor automatically classifying words accordingto their
clusteringwords accordingto their contets of usehave bothscienti ¢c and
distribution in particular syntactic practicalinterest.
contexts.

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

A-1 Deterministicannealingis usedto | 113 (bad match) Theanalogywith statis-
nd lowestdistortion setsof clus- tical mechanicssuggestsa determin-
ters. istic annealingprocedurefor cluster

ing REF Roseetal. 1990 /REF

in which the numberof clustersis de-
terminedthrougha sequencef phase
transitionsby continuouslyincreasing
the parameter EQN/ following an

annealingschedule.

A-2 As the annealing parameterin- —
creases,existing clusters become
unstableand subdvide, yielding a
hierarchical‘soft” clusteringof the
data.

A-3 Clustersare usedas the basisfor | 147 (bad match) Foreachcritical valueof
classmodelsof word coocurrence EQN/ ,weshaw therelative entropy
and the modelsevaluatedwith re- with respectto the asymmetricmodel
spectto held-outtestdata. basedon EQN/ of the training set

(settrain), of randomlyselectecheld-
out test set (set test), and of held-out
datafor afurther 1000nounsthatwere
not clustered'setnew).

Figure4.2: Author Abstractand Target Extractby Alignmentfor Document9408011

stractsentencegheir rhetoricalstatuss not necessarilgimilar to thatof their aligned

sentencesNithout context, therhetoricalstatusof the documensentencesannotbe

detectedarymore,andit is notevenclearthatit would be of help.Clearly something
gotlostontheway.
To sumup, we do not dery thatthereare casesvhereabstracialignmentcan

de ne goodgold standardsandthat Kupiecet al.'s experimentis probablyonesuch
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case However, thereasorfor thisis not thatabstractper seprovide goodde nitions
of gold standards—ratheit is dueto otherfortunatecircumstancedik e the extensve
trainingof professionahbstractorandthehighhomogeneityith respecto paperand
abstracstructuren somedatacollections.n our casealignmentwith abstractsvould
probablyde ne alow-quality gold standard.

In general surfacecomparabilityremainsa problemfor target extractsby ab-
stractsimilarity. Documentsentencesvhich sharepropositionalcontentswith anab-
stractsentencéut which look differentonthe surfacewill notbecontainedn thegold
standardeventhoughthey shouldbe;anda systemwhich correctlydeterminesucha
sentencavould beunduly punishedoy atargetextractgold standard.

Thereis anadditionalproblemwith the staticnatureof the gold standardief-
inition. The fact thatthe gold standardcannotbe touchedanymore might well make
it more“objective”, but the processhy which the abstractvas obtained(describedn
abstractorsguidelines)doesnot necessarilyprovide the speci ¢ informationneeded
for a giventask. For example,our taskdemandsnding informationaboutthe goal
of the paper in relationto previous work: the determinatiorof rival approachesnd
supportingprevious researchs essentialUnfortunately this type informationis not
traditionally presenin abstractsinstead this informationmight be hiddenanywhee
in the texts. An advantageof askingsubjectsto free-selecsentencess that new cri-
teriacanbe appliedto the searchasneededjn a dynamicway. As thesecriteria of
selectionarede ned after the creationof the text, they canbe changedaccordingto
taskrequirements.

One good point abouttarget extractsin general,no matterby which method
they are obtained,is that only a small numberof sentencesre selectedwhich are
guaranteedo be globally important. This would be an advantagefor a gold standard
like ours.But mosttargetextractsdo not provide fall-backoptions,asthey only make
abinarydistinctionbetweerrelevantandnon-releantsentences.

4.1.3.0ur Evaluation Strategy for Argumentative Zoning

We have aguedthat neithertarget extractsnor MUC-style answerkeys canoffer us
high-quality gold standardgor our task. But thereis yet another eld whosegold
standardsnight beimportantfor us.

Gold standardéy total-coveragearetraditionallyin usein areasvherethean-
notationin the text senesasa long-termresourcdtself, e.g.in dialogueact coding
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(Carlettaet al., 1997; Alexanderssoret al., 1995; Jurafsly et al., 1997).Humansare
asledto classifyutterancesn a corpusinto a nite setof categories(called“dialogue
moves”). For this kind of exercise,it is essentiathat differentannotatorgperforming
thetaskindependentlye.g.in differentplaces)cancreatea resourcehat ts in with
alreadyexisting resourcegieneratediccordingto the sameannotationschemeHigh
reproducibility of sucha schemds thusimportant.Training of the annotatorgs ex-
tensve. Guidelinesalsoreferredto ascodinghandbooksareusedto describehetask
andthesemantic®f thecategories.Specializedstandardizedtatisticsporravedfrom
the contentanalysiscommunity(Carletta,1996),exist for testingcertainpropertiesof
theannotatiorschememostnotablystability andreproducibility(cf. section4.1.1).

Our evaluationstrateyy is asfollows: we elicit judgement$rom subjectsabout
the agumentatie statusof sentence# the sourcetext accordingto our annotation
schemeSubjectperformfull-coverageannotationi.e.,they giveajudgementor each
sentencen the paper

We arguethatthis evaluationstrateyy will improve the gold standardsituation
with respectto surface comparability fall-back options and comparabilitybetween
papers Systemevaluationis no longera comparisorof extractedsentenceagainsta

nite setof “good” sentences—thisevitably cannotwork because¢hereis notjustone

possibleextractfor a paper Insteadgverysentenceén the sourcetext which expresses
the main goal will have beenidenti ed, andthe system$ performancds evaluated
againsthatclassi cation,providing anevaluationthatportraystherealsituationbetter

We have,in chapter3, madeanimplicit claim abouttheadequag of ouranno-
tationschemethatits categyoriesprovide anintuitive descriptionof certainaspectof
scienti c texts. But the semantic®f our slotsarenot assimpleasthe domain-speci ¢
MUC slots,which have the advantagethathumanscancon rm with high con dence
if aslot ller is “right”. In our schememore subjectve judgementsare necessaryif
we couldprove a high degreeof humanagreemenon theapplicationof argumentatre
zones this would also sene to verify our de nition of the zones.Learnability of the
schemdand,asaresult,reasonableeproducibility)is alsoimportantfrom a practical
pointof view aswe wantto usethegold standardsstrainingmaterialif they constitute
areliableresource.

The main differencebetweenour taskandothertotal-corerageannotationss
thatour taskis a documentetrieval task,andasa result,relevanceis anissuefor us.
Certainitemsaremoreimportantfor usthanothers,andcertainerrorsaremoregrave
thanothers.We caremostaboutreproducibilityin thosezoneswhich areparticularly
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importantfor ourtask(e.g.AIM zones)we carelessabouterrorsin thefrequentzones
asthesesentencearenotdirectly extractedanddisplayedn RDPs.

Our gold standardshouldgive us sentencesvhich arethe bestslot llers for
eachcatayory; it shouldalsode ne fall-backoptions.However, total-coverageclassi -
cationdoesnotreadilyprovide differentdegreesof relevancelt givesusmary “equally
relevant” sentenceper categyory, whereaghe othergold standardsvould have given
us few “relevant” sentencedn anindependenstep,the mostappropriateslot llers
would have to bedetermined:

1. Subjectscouldtell uswhich sentencearethebest llers, e.g.by rankingtheir
prior classi cations.

2. Someexternal criterion could de ne relevanceindependentlyof the human
classi cation;e.g.sentenceslignablewith abstractsentencesr occurringin
theperipheryof the papercouldbeconsideredmorerelevant”. Theconnection
betweenocationandthe quality of gold standardss exploredin sectior4.4.2.

3. Slot llers whicharesimilarto eachothercouldbede nedto bemorerelevant.
Thisapproactwassuggesteth section2.3.3wherewe sketchedhegeneration
of tailoredsummariefsrom RDPslot llers.

Apart from not being able to give us the mostappropriatesiot llers, total-
coverageclassi cationgold standardprovide a well-suitedevaluationfor our task,as
suchclassi cationis a simple,well-understoodognitive taskwith a widely accepted
evaluationmetrics.However, it is atime-consumindask—weconsiderdifferentways
of reducingtheeffort, eitherby reducingthetraining(cf. sectior4.3.2)or by reducing
theareado beannotatedcf. sectiord.4.2).0Our new gold standardelpsusgetaround
someof the problemsthatotherevaluationstratgieshave:

Objectivity: The new gold standardneasure®bjectvity in termsof stability
andreproducibility i.e. in how far humanswill agreeon thetask(resultsare
reportedin section4.3). One could, however, arguethat a static, x ed, inde-
pendenstandardasin Kupiecetal:swork is intrinsically moreobjectie.

Task- exibility: Instructionsto the annotatorsanbe adjustedaccordingto the
requirementsf thetask.
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Compaability betweerpapess. Thenew gold standardyuaranteesomparabil-
ity becauseaall sentencesre classi ed. Coverageof all catgyoriesshouldbe
high,i.e. thereshouldalwaysbe enoughcandidatedor eachcateyory. As are-
sult, a sensiblecomparisorof informationbetweenpaperss possible unlike
in theabstract-as-gold-standastiateyy.

Fall-back options: The new gold standardorovidesfall-back optionsfor each
cateyory (providedthe category waspresenin the paper),unlike othermeth-
ods.

Best ller s: The new gold standardktill givestoo mary llers percategory, all
of which arejudgedequally-rele@ant,in contrasto selectiormethodsin order
to determinethe mostrelevant llers in our case,anindependentneasuref
relevanceis needed.

Surfacecompaability: Thenew gold standardhasfewer problemswith surface
comparabilitythantarget extractsor answerkeys. This is dueto the factthat
judgementdgor eachsentencarecompared.

4.2. Evaluation Measures

In thefollowing experimentsyve areparticularlyinterestedn two propertief ouran-
notationschemefirstly, stability, i.e. the extentto which oneannotatomwill produce
the sameclassi cationsat differenttimes(Krippendorf, 1980).Stability is important,
becausén unstableannotatiorschemeshede nition of thecategoriesis notevencon-
sistentwithin oneannotators privateunderstandinggandasaresult,suchschemesre
veryunreliable High stability shovsattheveryleastthattheremustbesomeconsistent
de nition of semanticén thegold standardevenif wedonotknow yetif thisde nition
canbe communicatedo others.The secondoropertyis reproducibility i.e. the extent
to whichdifferentannotatorsvill producethesameclassi cationswhichmeasurethe
consisteng of sharedunderstandingéor meaning)held by morethanoneannotator
As consistensharedunderstandingsequireconsistenprivate understandingganun-
stableannotationcannever bereproducibleconversely it is commonlyassumedhat
aproof of thereproducibilityof a schemampliesits stability. Thus,mary experimen-
tatorsonly measurendreportreproducibility(cf. the MUC enterprisesection2.2.2).
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We feel that stability is independentlymportant,andthat stability andrepro-
ducibility have completelydifferentconsequencesith respecto ourtask.Researchers
in documentetrieval have arguedthatalthoughstability is importantto somedegree,
if oneis interestedn usersatishction,thenreproducibilityis of little importanceIf
therearetwo or moreintuitively “good” but differentgold standardstwo judgesmight
disagreeover which oneto chooseyesultingin alow reproducibility However, both
of thesegold standardsmight have satis ed the user We subscribeto the agument
of theoreticalpriority of stability over reproducibilityin documentetrieval, but atthe
endof theday, only extrinsic evaluationcanprove or disproveif theamgumentis valid.

A relatedquestionis how exactly we shouldestablisran upperboundfor the
task.An upperboundis thebestmeasuremerthatanautomatigperformanceantheo-
reticallyreachWhenhumanssystematicallylo notagreebeyonda certaindegree this
degreemustbe acceptedasthe upperbound:it makesno senseo think of a machine
asperformingbetterthanthis level of agreementWe arguethat reproducibility con-
stitutesa goodupperbound.Thatis, if the performancestaysthe samef anautomatic
approachs addedto a pool of independentlyannotatinghumanannotatorsthenthis
approachasreachedhetheoreticabestperformancegossible.

In mary relatedtasks,de nitions of upperboundsare handledlessstrictly.
Kilgarriff (1999),for example,reportsanupperboundfor word sensadisambiguation
whichis numericallyvery high. This gold standardvasgainedby negotiationbetween
theannotatorsasis commonin lexicographyWe alsobelieve thatinteractionbetween
annotatorss important,in orderto arrive at a sharedunderstandin@f the cateyories.
However, experiencenasshowvn thatit is oftenthe annotatowith the strongesperson-
ality which corvincesthe otherannotator®f the validity of herannotation.

Anotherform of improving “reproducibility” would be to ask annotatorgo
correctsomebodyelses output—inothertaskslik e manualparts-of-speecfPOS)as-
signmentannotator$iave beenshowvn to agreemuchmoreif they do not performthe
taskfrom scratch.

However, aswe areinterestedn the propertiesof the cognitive task,we mea-
surereliability of independenannotationbefore discussionsThe real keeperf the
semantic®of the categyoriesshouldalwaysbe the guidelines.The guidelinesfor anno-
tation tasksshouldbe written beforethe experimentand changedaslittle aspossible
duringtheexperiment However, asannotatiorexperimentsarelong andexpensve en-
terprisesjt might be dif cult to repeatan experimentafter eachchange(andideally
with new annotators)We hadto changethe guidelinesseveraltimes(e.g.,the exam-
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ple annotationsn gures on p. 327 and 328 were addedafter thosepapershadbeen
annotatedndependently).

Our annotationtask is mutually exclusive cateyorial assignmentTherehave
beendifferentwaysin the pastto evaluateagreemenbetweenhumansfor suchtask
(cf. theoverview in Carlettal996),usingeithermajority opinionor percentagagree-
mentasmeasurementVe areopposedo usingmajority opinion:theaveragedoesnot
re ect anybody's understandingf the categories.We wantto treatall our annotators
opinionsasa valid judgementNoneof theseis by de nition wrongor right—we are
dealingwith a dif cult “high-level” task,wherea certainlevel of subjectve disagree-
mentscanbeexpected.

We usetheKappacoefcient K (SiegelandCastellan1988)to measurestabil-
ity andreproducibilityamongk annotator®n N items(here:sentences)or our task,
Kappahasthefollowing advantages:

It factorsoutrandomagreement.
It allows for comparisondetweerarbitrarynumbersof annotatoranditems.

It treatslessfrequentcategoriesasmoreimportant.

TheKappacoefcient controlsagreemenlP A for agreemenby chanceP E :

PA PE

K 1 PE

No matterhow mary itemsor annotatorsor how the cateyoriesaredistributed,
K 0 whenthereis no agreemenbther than what would be expectedby chance,
andK 1 whenagreemenis perfect.If two annotatorsagreelessthanexpectedby
chanceKappacanalsobengjative. Chanceagreemenits de ned asthelevel of agree-
mentwhich would be reachedoy randomannotationusing the samedistribution of
catgyoriesastherealannotatorsKappais stricterthanpercentagegreementts value
is always lower or equalto percentageagreemenP(A); it is equalin the caseof a
uniformdistributionandlower for skeweddistributions.We alreadyknow thatour cat-
egory distribution will mostlikely be very skewed, for examplebecausehe cateyory
OwN is sopredominantThe factthatKappais a moresensiblemeasuremerfor our
taskthanpercentag@verlapcanbe easilyshovn with the following agumentabout
baselinedor our task. (This agumentanticipatessomenumericalvalueswhich we
will obtainlateronin this chapter)
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Choosinghemostfrequentcategory OWN is onepossiblebaselingor ourtask
(Baselinel). Figure4.3shavsthatpercentagagreemeninakesthis baselindook lik e
a good one at 69%, in comparisonto humanagreemenat only 87%. However, if
Kappais usedto measure¢hesimilarity of thisbaselinevith theannotatiorof ahuman
annotatorit revealsanegative (K=—.12)—comparetb chanceagreementhebaseline
performsworsethanrandom.This agreeswith our intuition thatalwayschoosingthe
mostfrequentcateyory is a bad stratey for our task. For our taskit is importantto
chooseherarecategyoriesAIM, TEXTUAL, CONTRAST andBASIS.

Baseline Kappa| P(A) | P(E)
Baselinel: Mostfrequentcatayory -12| 68% | 71%
Baseline2: Randomuniform distribution 10| 14% | 22%
Baseline3: Randompbsereddistribution 0| 48% | 48%

Figure4.3: Baselinedor the Taskof Argumentatie Zoning

We implementeda randomgeneratgrassigningcatejoriesbasedeitheron a
uniform distribution (Baseline2) or the obseneddistribution (Baseline3). Baseline2
hasa slightly betterchanceagreementit achieresK=—.10if comparedo the human
annotator The hardest-to-beabaselineis randomchoiceaccordingto the obsered
distribution of categories(Baseline3). Kappafor this baselineshouldtheoreticallybe
K=0 whichis recon rmedby our data.Kappaagreeswith ourintuition thatBaseline3
is betterthanBaselinel whereaghe numericalvaluesof percentagegreementon-
tradictour intuition.

Kappais designedo abstractover the numberof annotatorsas its formula
relieson pairwiseagreementThatis, K for k 6 annotatorwill beanaverageof the
valuesof K fork mwherem Kk, takingall possiblem-tuplesof annotatorgrom the
annotatoipool. This propertymakesit possibleto comparebetweerdifferentnumbers
of annotatorsandbetweengroupsof annotatorsandversionsof our system.A look
at Rathetal's awkwardway of reportingagreementor differentannotatompools(cf.
p. 132) makesclearthatnumericalcomparabilityis a big advantage.

We arealsolooking for ameasurememwhich will punishdisagreemeninthe
rare(= important)catgyoriesmorethandisagreemenn the morefrequentcatejories.
As asideeffect of takingrandomagreemeninto accountKappatreatsagreemenin a
rarecatgyory asmoresurprisingandrewardssuchagreemenmorethananagreement
in afrequentcateayory.
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There are different scalesof how to interpret Kappa values. Krippendorf
(1980)startsfrom theassumptiorthattherearetwo independentlyannotatedariables
which shav a clearcorrelation.f theagreemendf anannotatiorof oneof theseis so
high thatit reachesa value of K=.8 or above on a reasonably-sizedatasetthenthe
correlationbetweerthesetwo variablescanbe shovn with a statisticalsigni cance of
p 0.05.Thatis, theannotatiorcontainsenoughsignalto befoundamongthe noiseof
disagreementf agreemenis in arangeof .67 K .8,thecorrelationcanbeshavn
with a (mamginal) statisticalsigni cance of p=0.06,which allows for tentatve con-
clusionsto be drawvn. Krippendorf's strict scaleconsidersaannotationsvith K 67
asunreliable.More forgiving scalestake into accountthat mostpracticalannotation
scheme®nly mark one dependenvariableand assumehat K=.6 is still reasonable
agreement-However, Krippendorf (1980,p. 147)describegnannotatiorexperiment
performedby Brouweretal. (1969)in whichannotatorachiezedK=.44 with ananno-
tationschemavhosecatayoriesweredescribeanly by complicatedDutchnameswith
no resemblancé Englishwords.Thisis disturbing,becaus&appashouldhave been
zero,dueto thelack of semanticsattachedo the catgories(asthe annotatorslid not
understandutch):any agreemenachiezedin thatexperimentcanbeonly considered
aschanceHaving saidthis, it is sodif cult to achiere high Kappavaluesthatonecan
neverthelesexcludechancen thosecases—Kappa in generalacceptedn the eld
asasensibleandrigorousmeasure.

Whereagesearchersising Kappafrequentlyhave developedsomeintuitions
aboutwhetheror not not two Kappavaluesprobablyarestatisticallysigni cantly dif-
ferentor not, therestill is no statisticalformulato calculateif this is the caseor not.
Thisis adisadwantageof usingKappa,but we think it is out-weighedy its advantages.

We useour own implementatiorof Kappawhich allows usto vary annotation
aread(cf. section4.4.2),calculatevaluesfor single les, subsetf annotatorsn the
pool andto shav confusionmatricesfor pairsof annotators.

4.3. Reliability Studies

4.3.1.Experimental Design

We conductedhreestudies.The rst two, studiesl andll, weredesignedo nd out
if two versionsof our annotationschemecanbe learnedby humanannotatorsvith a
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signi cant amountof training. The rst versionis the basicannotatiorschemewhich
encodesntellectualownership(cf. section3.3). The secondversionis thefull annota-
tion schemawith seven(morecomplicatedcategories.A positive outcomeof studied
andll would corvinceusthatthehuman-annotatetlainingmaterialconstitutes good
gold standardandthatit canbeusedfor bothtrainingandevaluationof our automatic
methodin chapter5. The outcomeof studyll is crucialto thetask,asit dealswith the
full annotationrscheme Someof the categyoriesspeci c to the full annotationrscheme
(AIM, TEXTUAL, BASIs andCONTRAST) provide essentiainformationfor RDPs.

Studylll triesto answetthe questionf the considerablérainingeffort usedin
studiesl andll canbereducedIf this werethe casej.e. if annotatorsith no signif-
icanttask-speci ctraining could producesimilar resultsto highly trainedannotators,
thetraining materialcould be acquiredin a morecostandtime effective way. A posi-
tive outcomeof studylll wouldalsosubstantiatelaimsabouttheimmediatentuitivity
of the categgory de nitions.

4.3.2.Study |

4.3.2.1. Method

Subjects: Threeannotatorparticipatedn this study:AnnotatorA holdsa Masterde-
greein Cognitive ScienceandAnnotatorB wasa studeniof Speechlherafy at Queen
Margarets College, Edinburgh. AnnotatorC is the authorof this thesis.The annota-
torscanbe consideredkilled at extractinginformationfrom scienti ¢ papersut they

are not expertsin all of the subdomainof the papersthey annotatedAnnotatorA

hassomeovervien knowledgein mostof the sub elds representedh the corpus;in

particular heis well accustomedo articlesin computersciencewhich AnnotatorB

wasnot. AnnotatorB hadsomeknowledgein phonologyandphoneticsandto alesser
degreein theoreticallinguistics. AnnotatorsA and B were paid for their work at the
standarchcademicstudentateof the Universityof Edinburgh.

Materials: Thematerialsconsistof 26 computationalinguisticspaperdrom our col-
lection (cf. appendixA.2 for the overall list of articlesin our corpus).Figure4.4lists
the materialsusedin this study:the papersandtheir numbersof sentencegabstract
sentenceanddocumensentencedyut excludingsentencesccurringunderthe head-
ing Adknowledg@menty. We usedthe rst four articlesof our collection(paperd — 3)
for training,andthe next 22 paperqpaperst — 25) for annotatiorby all threeannota-
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tors. As we wantedto cover asmuchvariety aspossiblein writing style, we decided
to only include one paperby each rst authorin eachstudy—subsequemgapersby

the sameauthorswerediscardedIn studyl, no paperwasexcludedon the groundsof

authorshiphowever. During the annotatiorphasepneof the paperqpaperl8) turned
outto beareview paper This papercausedheannotatorglif culty astheschemewvas
notintendedo coverreviews. Thus,we discardedhis paperfrom theanalysisFor the
stability gures (intra-annotatoagreement); papersvererandomlychoseroutof 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, | 3643
20,21,22,23,24,25
Intra-annotatomaterial | 0,7, 10, 23,24 1115

Figure4.4: Studyl: Materials

Procedure: The training procedurewas asfollows: the annotatorgeadour written
instructionswhich de ne the catayoriesof the basicversionof theannotationrscheme
in detail(7 pagesreproducedn appendixC.1).Forthereaderscornvenience,gure 4.5
repeatshe categoriesof the basicannotatiorscheme.

BACKGROUND  Generallyacceptedackgrouncknowledge
OTHER Speci c otherwork

OWN Ownwork: method results futurework.. .

Figure4.5: Studyl: Overview of BasicAnnotationScheme

After readingtheguidelinestheannotatorsnarkedupthe rst two trainingpa-
pers,followedby adiscussionthenthe othertwo trainingpapersfollowedby another
discussionlIn thesediscussionsyve tried to settledisagreements the annotators'
judgement@indchangeaunclearpassagem theinstructions.

The annotationprocedurdtself wasasfollows: Annotatorsmarked up the 21
papersb—6paperperweek,in thesameorder Therewasno communicatiorbetween
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Figure4.6: Studyl: Overall Frequeng of Cateyories

the annotatorgluring the annotation Annotationincludedthe abstractsaswell asall
sentencem the document(excluding acknavledgemensentencesReadingandan-
notatinga papertook the annotator20-30minuteson average Weekly discussions
betweernthe threeannotatordook placeduringthe annotatiorphase.The rationaleof
the discussionsvas to increasefuture agreemenby clarify unclearpassage# the
guidelinesn thelight of unclearannotatiorcasesHowever, agreementvasmeasured
before discussionsAs therewasno time to implementa speci ¢ annotatiortool, all
annotatiorreportedherewasdonepencil-on-papeandtheneditedinto an XML ver-
sionof thedocuments.

6 weeksafterthe endof the rst annotationphase stability wasmeasuredy
anintra-annotatoexperiment,whereannotatorsvere asled to re-annotateandomly
chosemapers.

We collectedinformal commentsrom our annotatorsabouthow naturalthe
taskfelt, but did not conducta formal evaluationof subjectve perceptiorof the dif -
culty of thetask.Instead,our analysisconcentratesn trendsin the dataasthe main
informationsource.

4.3.2.2. Resultsand Discussion

Theresultsshow thatthe basicannotatiorschemas stable(K=.83,.79,.81;N=1115;
k=2 for all threeannotatorsandreproduciblg K=.78,N=3643,k=3). Thisrecon rms
thattrainedannotatorarecapableof makingthe basicdistinctionbetweerown work,
speci ¢ otherwork, andgeneralbackgroundTo our knowledge,this studyis the rst

to researchattribution of intellectualownershipempiricallyon acorpus.
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Categyories 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: Studyl: Krippendorf's Diagnosticdor Catagory Distinction

Figure 4.6 shows that the distribution is very skewed, as predicted.The rel-
ative frequeng of the threecatagoriesis 80.4% (OwN), 12.8% (OTHER) and 6.8%
(BACKGROUND).

Thoughthereliability valuesareacceptabletherearesomequestionghatare
typically aslkedin orderto improve anannotatiorscheme:

Do all annotatorperformequallywell?
Are thereparticularcateyory distinctionsthatarehardto make?

Is therea differencebetweerclustersof items(papers)?

The rst questions answereaasily—thevariationbetweerannotatorss fairly
small. Theresultsfor pairwisecomparisorareK=.74 (A, B), K=.78 (B, C) andK=.82
(A, C). It isimportantthatthe resultsdo not changedramaticallywhenthe developer
of the annotationschemgAnnotatorC) is left out of the annotatomool. In this case,
they dropalittle from K=.78t0 .74. This still suggestshatthetraining corveyedthe
intentionsof the developerof the annotatiorschemdairly well.

In orderto seewhich cateyory distinctionsare hardto make, we useKrip-
pendorf's diagnosticfor cateyory distinctions:all other cateyoriesbut the one(s)of
interestare collapsed.The mostdif cult single distinctionis the one that resultsin
the bestreproducibilityvaluesif omitted.In our case this mostdif cult distinctionis
theonebetweenOTHER andBACKGROUND. We arenot surprisedaboutthis: the dis-
tinction betweerothergeneralWwork andotherspeci ¢ work concernonly thedegree
of speci city. Swales(1990)reportssimilar dif culties with a distinctionbetweerhis
two relatedmoves1.2 (makingtopic generalizationsdpackgrouncknowledge)and1.3
(reviewing previousresearch)Theremight notbeaneasyway to avoid this dif culty;
it seemdo be partandparcelof thetask.
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Figure4.8 shows thatthe variationin reproducibilityacrosstems (papers)s
large: thereare somepapersthat are annotatedrery consistentlyand othersthat are
not.
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Figure4.8: Studyl: Distribution of ReproducibilityValues

We tried to diagnosethe reasondor the low reproducibility of somepapers.
We have severalhypothesesf whatcouldberesponsibldor this:

1. Onefrequentproblemour annotatorgeportedwasa dif culty in distinguish-
ing OTHER work from OwN work, dueto the factthat someauthorsdid not
expressa clear distinction betweenprevious own work (which, accordingto
our instructions hadto be annotatecas OTHER) andcurrent, new work. Our
annotatorseportedthatin somepapergherearelong sectionghatcannotbe
obviously attributedto eitherpreviousor currentwork becaus¢he authorsdid
not make the distinction clear This was particularly the casewhere authors
had publishedseveral papersaboutdifferentaspectof one pieceof research
(cf. theideaof “smallestpublishableunit”, section3.2.3).

We suspectedhat the effect of mixing descriptionsof own and previous re-
searchcould be gaugedoy the selfcitation ratio, i.e. the ratio of self citations
to all citationsin runningtext. 5 paperscontainno self citationsandwerethus
put into one group. We divided the remainingpapersinto two equally sized
groups,onewith a high andonewith a low self citationratio (the borderline
turnedoutto beat 18%of all citations).
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Figure4.9: Studyl: Effectof Self-CitationRatioon Reproducibility

Figure4.9 con rms that paperswho quoteprevious own work only rarely or
not at all seemto be annotatednostconsistentlyin our scheme Subsequent
analysisshavs thatpartof this effect canindeedbe attributedto a dif culty in
distinguishinghecategoriesOwWN andOTHER. In thegroupswith no selfcita-
tionsor alow selfcitationratio, we foundthatreproducibilitydoesnotincrease
too much(from K=.86 to K=.90 andfrom K=.8 to K=.83) if OwWN andOTHER
are collapsed,indicating that this distinctionis not too dif cult. In the high
self citationgroup,the reproducibilityincreasevasmuchhigher (from K=.71
to K=.85), indicatingthat the distinctionis moredif cult in this group. This
might be dueto thefactthatpapersn the rst group(andto a certaindegree,
in thesecondyroup)arestructuredn a simplerway; i.e., they mightreporton
someisolatedpieceof researchHowever, theremight be otherreasonsvhy
the own new work is well-distinguishedrom otherandown previouswork in
thesecases.

2. Thereis alsoadifferencean reproducibilitybetweerpaperdrom differentcon-
ferencetypes Out of our 21 papers4 were presentedn studentsessions4
camefrom workshopsandtheremainingl3weremainconferencepapersFig-
ure 4.10 shaws that studentsessiorpapersare the easiesto annotatewhich
mightbe dueto thefactthatthey areshorterandhave a simplerstructurewith
fewer mentionsof previous researchMain conferencepapersdedicatemore
spaceto describingandcriticizing otherpeoples work than studentor work-
shoppaperqon averageaboutonefourth of the paper). They seento bemore
carefully preparedhanworkshoppapersandthuseasyto annotate)confer
enceauthorsmustexpresshemselesmoreclearly becausehey arereporting



152 Chapterd. A Gold Standardor Argumentatre Zoning

0.9
0.8 | [
K o7
0.6
0.5
a® Co(\& ‘6’&\) 68(&0‘\‘6‘\09

Figure4.10:Studyl: Effectof Conferenc&ypeon Reproducibility

nished work to awider audience.

3. Anotherpersistenproblemin somepaperswasthe distinctionbetweenOwN
andBACKGROUND. Thiscouldbeasignthattheauthorsof thesepapersaimed
their writing at an expert audienceandthusthoughtit unnecessaryo signal
clearlywhich statementarecommonlyagreedn the eld, asopposedo their
own new claims.If apaperis writtenin suchaway, its understandingequiresa
considerablamountof domainknowledge,which our annotatorslid not nec-
essarilyhave. The problemhereseemso be the samethat Manning (1990)
reportsfor humanabstractorsthe productionof informative abstractgs dif-
cult, becauseneneeddo contrastthe ndings of thetext with the already-
establishedndings in the eld. The recognitionof the scienti ¢ contrikution
of agivenpaperrequiresalot of domainknowledgein the eld, particularlyif
it is notsignalledwell in the paper

4.3.3.Study I

The only differenceintroducedin study Il is the useof the full annotationscheme
insteadof the basicone.

4.3.3.1. Method
Subjects: Thesameannotatorssin studyl participatedn this study

Materials: In principle, the materialsfor study Il were similar to the materialsin
study| (cf. gure 4.11). They consistedof 30 chronologicallyadjacentpapers(pa-
pers38-67).Paperswere excludedif the rst authorwasalreadyrepresentedh the
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materialsfor the given study (this wasthe casefor paperss4, 55, 57). 5 paperswvere
chosenastraining material(papers38, 39, 50, 51, 62). During the annotationphase,
anothemaperturnedoutto beareview paper;asbefore,we discardedhis paperfrom
theanalysisAnd nally, in orderto comparethe performancef thetasked-untrained
annotators$o beusedin studylll to ourtask-trainecgnnotatorswe neededheirjudge-
mentonthematerialschoserfor studylll (paperst and14). Thisresultedn 23 papers
for annotationFor the stability 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, | 3449
52,56,58,59,60,61,63,64,65,66,67
Intra-annotatomaterial 14,41,43,44,52,58,65 1091

Figure4.11:Studyll: Materials

Procedure: Trainingandannotatiorproceduravasasin studyl, exceptthattheanno-
tatorswereaskedto annotatewith thefull annotatiorschemerepeatedn gure 4.12.
Again, annotatorsvereaskedto annotateabstractaswell asall sentences thedoc-
ument,but notacknavledgemensentences.

BACKGROUND  Generallyacceptedackgroundnowledge

OTHER Speci c otherwork

OWN Ownwork: method results futurework...

AIM Speci c researclyoal

TEXTUAL Textual sectionstructure

CONTRAST Contrastcomparisonyweaknessesf othersolution
BASIS Otherwork providesbasisfor own work

Figure4.12:Studyll: Overview of Full AnnotationScheme

Thewritten instructionsfor thatschemearereproducedn appendixC.2; they
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are 20 pagedong. As the main decisioncriterion, they containthe decisiontree dis-

cussedn section3.3( gure 3.21;p. 110).No specialinstructionsaboutthe useof cue
phrasesvere given, althoughsomeof the examplesentencegivenin the guidelines
containeccuephrases.

The annotatorsalreadyknew threeof the seven categoriesfrom studyl, and
thismightmighthave spedupthelearningprocessvith respecto completelyuntrained
annotatorshowever, astherewasa gapof severalweeksbetweerthetwo experiments,
it is unlikely thatthis advantagavassubstantial.

4.3.3.2. Resultsand Discussion

Theannotatiorschemas stable(K=.82,.81,.76for all threeannotatorsN=1091 ,k=2)
andreproduciblegK=.71,N=3449,k=3). Becausef theincreaseaognitive dif culty

of thetaskin comparisorto studyl, thedecreasén stability andreproducibilityis ac-
ceptable Annotationbetweerannotatorvariesonly minimally: K=.70 (A, B); K=.70
(A, C)andK=.72 (B, C).
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Figure4.13:Studyll: Overall Frequeng of Cateyories

Figure4.13shows therelative frequencief all seven cateyories.Thetransi-
tion betweerthe basiccategoriesOwWN, OTHER andBACKGROUND ontheonehand,
andthe “non-basic”catgyoriesAIM, TEXTUAL, CONTRAST andBAsSIs on the other
is notaspronouncedswe expected.

Again,variability in reproducibilityis large(cf. gure 4.14),asit wasin studyl.
Even more so thanin study|, thereseemsto be a bimodal distribution: thereis a
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clusterof paperswith high reproducibility(K in therangeof .85),andanothercluster
of paperswith mediumreproducibility(K in therangeof .6). Similar explanationgor
this divergenceasin study| aretrue heretoo: confusionbetweencurrentand own
previouswork canbe measuredy self-citationratio (cf. gure 4.15),andconference
typeis apredictorof overall reproducibility(cf. gure 4.16).
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Figure4.14:Studyll: Distribution of ReproducibilityValues
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Figure4.15:Studyll: Effectof Self-citationRatioon Reproducibility
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Figure4.16:Studyll: Effectof Conferencélypeon Reproducibility
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Thereareproblemswhich arespeci ¢ to the new cateyories:annotatorsome-
times nd it hardto distinguishneutraldescriptionsof otherwork (OTHER) from de-
scriptionsof otherwork which expressauthorstancg CONTRAST andBAsIS). Often,
contrastve stancevasnotexpresseapenly(cf. MacRobertandMacRobertss (1984)
explanationfor this phenomenoim section3.2.2);in orderto decideif a sentencavas
of catggory BASIS, annotatorseededto interpretpossiblereasondor the positive
evaluationof otherwork.

AIM sentencesausedheannotatorproblemsn somecasesit canbedif cult
distinguishingsentencedescribinggenerahimsin the eld fromthespeci c goalsof a
paperAll annotatorperceved TEXTUAL sentenceasthecatgyory whichwaseasiest
to annotate.
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Figure4.17:Studyll: DiagnosticsNon-BasicCateyories

Figure4.17reportshow well the four non-basicatayoriesweredistinguished
from all othercategories,measuredby Krippendorf'sdiagnosticgor categorydistinc-
tions.Whencomparedo the overall reproducibilityof .71, we noticethatthe annota-
torsweregoodatdistinguishingAiM andTEXTUAL. Thisis animportantresult: Aim
sentencesonstitutethe singlemostimportantcategory in our schemeasthey provide
the bestcharacterizatiorof the researchpaperin a documentretrieval context. An-
notationperformanceon AiM sentencesanbe comparedo resultsof free-selecting
experimentswheresubjectswere asked to identify “most relevant” sentence$rom a
paper;traditionally, low agreemenis reportedfor suchtasks(Rathetal., 1961).

The annotatorsverelessgoodat determiningBAsis and CONTRAST. In sec-
tion 3.2.5,we sav that thereis large variationin the syntacticrealizationof meta-
discoursesignallingcategoriessuchasBAsis andCONTRAST, which makesit harder
to nd them.Antherreasormight have to do with the locationof thosetypesof sen-
tencesin the paper:whereasAiM and TEXTUAL areusuallyfound at the beginning
or endof the introductionsection,CONTRAST, andevenmoreso BASIS, areusually
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interspersedvithin longerstretcheof OWN. As aresult,BAsSIS and CONTRAST are
moreexposedo lapsesf attentionduringannotation.

If high reliability wasour priority, the annotationschemecould be simpli ed
by creatinga new category which collapseSCONTRAST, OTHER andBACK GROUND.
This would causethe reproducibility of the schemeo increaseo K=.75. Structuring
ourtrainingsetin thisway seemgo beanacceptableompromisdor our taskassuch
a schemewould maintainmost of the distinctionscontainedin the basicannotation
schemeyhile alsocategorizing AiM, TEXTUAL andBASIS sentences.

Figure4.18shaws the confusionmatrix betweertwo annotatorsThe diagonal
shaws the decisionsin which they agree,all othercells shov decisionswherethey
disagreeThe confusionmatrix is anothertool apartfrom Krippendorf's diagnostics
for detectingweaknesses annotationschemesOne canseethatthe only category
thatAim sentenceareconfusedvith areOwN sentences—whdioth cateyorieshave
in commonis thatthey describeown work. The decisionof whetheror not to assign
an AIm labelto sucha sentencas a type of relevancejudgement.CONTRAST sen-
tencesareoften confusedwith OWN sentencesThis is natural,ascontrastsentences
often compareown and otherwork: annotatordhave to judge which aspect(own or
other)is moredominant,which canbe hardin somecasesSBACKGROUND sentences
areconfusedvith OTHER andOwN sentencessdiscusse@bove; we suspecthatthe
confusionwith CONTRAST sentencesccurswhena failure of somegeneralmethod
in the eld is discussedConfusionbetweenOTHER and CONTRAST is oftendueto
differentjudgemenibf authorstancevs. neutralityexpressedn the sentencesBASIS
sentencearemostlikely to be confusedwith either OTHER sentencegauthorstance
vs. neutrality),or with OWN sentencesyhenthe annotatorslisagreeasto if anas-
pectof the own work hasbeencontributed by prior work or is rst describedn the
currentarticle. Appendice®B.5 andB.6 shav the examplepaperannotatedy Anno-
tatorsA andB; the previously shavn gure 3.23(p. 113)actuallygivesAnnotatorC's
annotatiorof theexamplepaper

Figure 4.19 shovs how well one annotatorcan predict anotherannotators'
choiceof non-basicateyories.TakingAnnotatorB's decisionsf acertaincateyory as
gold standardrecallreportshow mary of thoseinstance®nnotatorC found,andpre-
cisionreportshow mary of theinstanceshatAnnotatorC cateyorizedasthatcategory;
really turn outto be of thatcategory (by AnnotatorB's judgement).Thatis, precision
measurebow con dentwe canbewith theresultset,whosesizeis measuredby recall.

AnnotatorC achievesa precisionandrecall of almost80%on TEXTUAL sen-
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tencesand72% precisionand56%recallfor AiMm sentenceslThesevaluesaremuch
higherthansimilar valuesreportedin earlierresultsfor overall relevance(Rathetal.,
1961).We believe thatour task,given detailedguidelines,s indeedeasierandbetter
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delineatedhanthedirectdeterminatiorof globally relevantsentences.

AnnotatorB
AiM CTR TXT OwWN BKG BAs OTH || Total
AIM 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:Studyll: ConfusionMatrix betweenAnnotatorsB andC

AIM | CTR | TXT | OWN | BKG | BAs | OTH
Precision| 72% | 50% | 79% | 94% | 68% | 82% | 74%
Recall 56% | 55% | 79% | 92% | 75% | 34% | 83%

Figure4.19:Studyll: C'sPrecisionandRecallperCateyoryif B is Gold Standard
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4.3.4.Study Il

Studylll usesa differentsubjectpool thanstudiesl andll. The annotatorsisedhere
are not acquaintedvith our schemeghey are only given somegeneraldescriptions
aboutthe semanticof the categories.

4.3.4.1. Method

Subjects: 18 subjectswith no prior annotationtraining were chosenfor the second
experiment.All of themhave a graduatedegreein Cognitve Science with two ex-

ceptions:onewasa graduatestudentin Sociologyof Scienceandoneholdsa master
degreein Englishand SpanishLiterature.Ilt canbe assumedhatall the subjectsare
usedto readingscienti c articles,in the courseof their daily work or studiesthough
thenon-Cognitve Scientistamight have comeacrosdesstechnicalarticles.

Materials: We randomlychosethreepaperqpapers4, 14 and52) out of the pool of
thosepaperdor which ourtrainedannotatordiadpreviously achiesedgoodagreement
in studyl orin studyll (atleastK=.65). Thereasoningehindthis wasthatthe task
seemedcognitively dif cult consideringthe lack of training, so we wantedto give
our annotatordess controversial materials.One of the three papers(paper14) had
previously resultedin muchlower reproducibility (K=.67,N=205)thanthe othertwo
(K=.85,N=192for paper4; K=.87,N=144for papers2).

Procedure: Eachannotatorwasrandomlyassignedo a group of six, all of whom
independentlyannotatedhe samesingle paper:group| annotatedoaper4, group i

paperl4 andgrouplll paper52. Subjectswere given minimal instructions(1 page;
appendixC.3),andthedecisiontreein gure 3.21(p. 110).

4.3.4.2. Resultsand Discussion

The resultsshowv that reproducibility varies considerablybetweengroups (K=.49,
N=192, k=6 for groupl; K=.35, N=205, k=6 for group Il; K=.72, N=144, k=6 for
grouplll). As Kappais designedo abstraciover the numberof annotatorslower re-
liability in studylll ascomparedo studiesl andll is not an artifact of how K was
calculated.

We mustconcludethat our very shortinstructionsdid not provide enoughin-
formationfor consistenannotation;somesubjectsin groupsl andll did not under
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Figure4.20:Studylll: Reproducibilityper Groupandper Subject

standtheinstructionsasintendedPart of thelow reproducibilityresultsin groupl and
groupll wasdueto amisunderstandingtavery super cial level. Many subjectamis-
interpretedthe semanticof the TEXTUAL cateyory asincluding sentenceshat refer
to gures andtablesin thetext. This misunderstanding easilyrecti able for future
experimentshut still decreasethereliability valuesin this experimentconsiderably

Partof thelow reproducibilityresultcanbeattributedto thepapergshemseles:
grouplll, which annotatedhe paperfound to be mostreproduciblein studyll, per
formed almostaswell astrainedannotatorsgroup I, which performedworst, also
happenedo have the papemwith the lowestprior reproducibility

Figure4.20shaws reproducibilityfor the mostsimilar threeannotatorsn each
group,successiely addingthe next similar annotatotto the pool. We canseethatthe
performanceéetweersubjectsvariesmuchmorein groupsl andll thanin grouplll,
whereall annotatorgperformedmoreor lesssimilarly well. Within eachgroup,there
is a subgroupof “more similar” annotatorsin groupsl andll, the mostsimilar three
annotatorseachedarespectablesproducibility(K=.63,N=192 k=3 for groupl; K=.5,
N=205, k=3 for groupll). This result,in combinationwith the good performanceof
grouplll, seemgo pointto the factthatthe annotatorslid have at leastsomeshared
understandingf the meaningof the catejories.

Thetwo subjectdn studylll who hadno trainingin computationalinguistics
(subjectsla andlla) performedreasonablywell: althoughthey were not part of the
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circle of the mostsimilar threesubjectsn their groups,their annotatioralsowasnot
theoddoneout.

4.3.5.Signi cance of Reliability Results

Thereproducibilityandstability valuesfor Argumentatre Zoning measuredn these
studiedonotquitereachthelevelsfoundfor, for instancethebestdialogueactcoding
schemegaroundK=.80). Our annotatiorrequiresmore subjectve judgementandis

possiblymorecognitively complex. The reproducibilityandstability resultsachieved

with trainedannotatorsarein the rangewhich Krippendorf (1980)describesasgiv-

ing mamginally signi cant resultsif two codedvariableswere correlated.Of course,
our requirementareratherlessstringentthanKrippendorf's becauseur annotation
involves only one variable.On the other hand,annotationis expensve enoughthat
simply building largerdatasetsis notanattractve option.Overall,we nd thelevel of

agreementvhichwe achievedacceptable.

Thesinglemostsurprisingresultof the experimentds thelargevariationin re-
producibility betweermpapersintuitively, thereasorfor this arequalitatve differences
in individual writing style—annotatorseportedthatsomepapersarebetterstructured
andbetterwritten thanothers,andthat someauthorstendto write moreclearly than
others.It would be interestingto compareour reproducibility resultsto independent
guality judgement®f the papersjn orderto determindf our experimentscanindeed
measurehe clarity of scienti ¢ algumentation.

We areparticularlyinterestedn thequestionf shallov (humanandautomatic)
informationextractionmethodsi.e.thoseusingno domainknowledge canbesuccess-
ful in atasksuchas Argumentatie Zoning. The experimentsreportedin this chap-
ter werein part conductedo establishan upperboundfor the automaticsimulation
of the task.We believe that agumentatie structurehasenoughreliablelinguistic or
non-linguisticcorrelateon thesurface—physicalayoutbeingoneof thesecorrelates,
alongwith linguistic indicatorslike “to our knowledg@” andthe relative orderof the
individual agumentatre moves. The factthatthe two non-computationdinguistsin
thesubjectpool performedeasonablyvell is remarkableasthestratey thatthey must
have usedfor Argumentatre Zoningcould not have includedarny domainknowledge.
Thisresult ts in nicely with the reasoningoehindour approachthe implementation
of Argumentatre Zoningintroducedin the next chapters basedon our belief thatit
shouldbepossibleo detecttheline of agumentatiorof atext in ashallow, robustway.
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In the framework of constructingpracticalgold standardgor our task,there-
sultsof studyll arepositive asthey tell usthattrainingmaterialgainedoy our method
of humanannotations in principlereliable.With respecto areductionof theeffort for
producingthegold standardsthe outcomeof studylll wasdisappointingasit implied
thatthe effort cannotbe reducedby simply shorteningthe training proceduredrasti-
cally. One of the two post-analyseseportedin the next sectionlooks at a different
way to reducethe effort. It determineghe effect of a reductionof the textual material
in eachpaperwhich is annotatedThe otherpost-analysidooks at the agumentatre
structureof theauthorwritten abstracts.

4.4. Post-Analyses

After the reliability studieshad recon rmed that the annotationcanin principle be
donereliably by trainedannotatorsAnnotatorC annotatedherestof the corpus.This
annotations usedassystemtraining materialin chapters, andit alsosenesfor the
two post-analysereportedhere.

4.4.1.Argumentative Structur e of Author Abstracts

We wantedto establisito whatextenttheauthorabstractslifferedwith respecto their
rhetoricalstructure We therefordookedat differentcomposition®f abstractsn terms
of amgumentatie zones.

In the 80 paperswe found 40 different patterns,28 of which were unique.
Figure4.21lists all non-uniqueargumentatre patternsn the abstractsof our corpus.
Thelargevariability recon rmsour suspicionn sectiord.1.2.2thattheauthordid not
usea commonbuilding planwhenthey wrote their abstractsin sharpcontrastto how
professionabbstractawvrite their abstractgLiddy, 1991). The compositionof author
abstractseemsa matterof individual choice.

The combinationAIMm — OWN is the single most prototypicalargumentatre
structurewe found.29% of the abstractsn our corpusconsistof this pattern.Suchan
abstractgivesthe main goal of the paper typically followed by more detailedinfor-
mationaboutthe solution.But the AiIM — OWN patternalsoappearsas part of other
abstracts73%of all abstractgontainit in directsequenceandanadditional8% con-
tainit interruptedoy oneotherargumentatie zone.A reasorfor the predominancef
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Figure4.21:Typical AbstractStructures
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Figure4.22:Distribution of Numberof Argumentatire Zonesin Abstracts

this patternmight be foundin the communicatye function of the abstractit is impor-
tantfor the succes®f a scienti ¢ article that the knowledgeclaim be establishedn
cleartermsat the earliestpoint of contactwith the reader This alsoexplainsthe low
frequeng of zonesreferringto otherresearchersivork in theabstract.

AIM sentencesn their own have animportantfunctionin the abstractonly
oneof our abstractgloesnotcontainarny AIM sentences.

Anotherphenomenoroncernghelengthof theabstractsTheaveragenumber
of sentenceperabstracis 4.5; the averagezonein the abstracis only 1.5 sentences
long. Thedistribution of abstractength,measuredn numberof agumentatie zones,
isgivenin gure 4.22.Mostabstractgontainonly 2 or 3 algumentatiezoneqaverage:
2.95). Thatis, the authorabstractsn our corpusdo not cover enoughargumentatre
zonedo beusefulfor documentharacterizatiorgpartfrom thefactthattheir structure
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is very heterogeneouslhis recon rms our hypothesisfrom section4.1.2.2:author
abstractslo not provide goodgold standard$or Argumentatre Zoning.

4.4.2 .Reduction of Annotation Areas

Annotatingtexts with our schemes time-consumingso we wantedto testif the an-
notationof only parts of the sourcetexts (which would certainlyincreaseef ciency)
would still resultin reliablehand-annotatettainingmaterial.

In generalwe expectmostof the non-basiccateyories(which carry the most
informationfor our task)to belocatedin the peripheryof the paper For example,the
TEXTUAL zonemakes mostsenseat the end of the introduction.If an introduction
sectionis rich in non-basiccateyories, it probablydisplaysa miniatureargumentatre
structureof thewhole paperwhichis generallyheldto be a goodstratey for writing
introductions(Swales,1990;Manning,1990).Similarly, the abstractandconclusions
of sourcetexts are often consideredas “condensed’versionsof the contentsof the
entirepaper It is thusplausiblethat thesesectionscould contritute more “importan-
t” sentenceso the gold standard Additionally, one could expecttheseareasto be
amongsthe mostclearlywritten andinformationrich sectionsn a paper

In the following study sectionsentitled Motivation, Badgroundor Summary
aretreatedasif they werecalledintroductionor Conclusionsrespectrely. As Discus-
sionsectiongontainmorespeculatie material we do nottreatthemlik e Conclusions
Many papersdo not containexplicit rhetoricalsectionssowe alsoreportvaluesfor
approximation®f thesesectionsthe rst andlastone fth (andonetenth/twentieth)
of the paper

Theabstrachasa specialstatus As it is notclearif theabstracitself would be
availablefor extractionin atypical practicalscenariowe alsoreportresultsfor aligned
abstracsentencesasdiscussedn sectiord.1.2.2.

We testthe hypothesighatthe reproducibilityin thesespecialareass higher
thanthe overall reproducibility If it turnedout to be the case we could eitherreduce
annotationto theseareaspr usesentencefrom thoseareasas“best llers” to a slot
(cf. sectiord.1.3).

Resultsare givenin gure 4.23:only someof the supposedly'good” areas
for annotationrestrictionshov an increasein reliability, namelyonly Abstract and
ConclusionsThesewo sectionhave theclearessummarizatioriunctionof theentire
article. Theeffectthatabstract@remoreconsistentlyannotateds evenstrongeliin the
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Figure4.23:Reproducibilityby Areas

basicschemgnot shavn here):reproducibility within abstractshows the very high
valueof K=.92. This meansthat authorsmake particularly clearin the abstractwhat
theirown contributionsare.

All otherareasactuallyshav alower reproducibilitythanthe average Thisis
truein particularfor the areasde ned by absolutdocation(e.g.thelast 1/20). These
areasarethereforenot agoodapproximatiorto Conclusiondype material.lt looksas
if thelastfew linesin paperghatdo not have anexplicitly marked conclusionsection
shouldnot be consideredat all—thesesentenceslo not contribute “summary” type
information. The Introductionsectionshaws a slight decreasén reproducibility and
locationapproximationsf introductionsectionsalso performbadly Reproducibility
is considerablylower in alignableabstractsentenceshanin the abstractitself. This
is consistentwith our obsenation in section4.1.2.2that the rhetorical statusof the
alignedabstracsentencess oftendifferentfrom the statusof the correspondinglocu-
mentsentences.

But thereis a secondpoint we have to take into accountwhenrestrictingthe
areador gold sentenceselectionit is alsonecessaryo cover all agumentatre cate-
gories,asdiscussedn section4.1.3.0bviously, ary stratgy of annotatiorrestriction
will give us fewer gold standardsentenceper paper so it is an empirical question
whethertherearestill enoughcandidatesentencefor all sevencatejories.

Somedocumentsdo not even containall agumentatre zones.In our data,
eachdocumentontainsatleastone AiM sentencéthis is requiredin the guidelines);
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almostevery documentcontainsat leastone CONTRAST sentencg3 documentsdo
not, i.e. 4% of our corpus).However, the useof TEXTUAL zonesseemsto depend
muchmoreon personaivriting style.26 % of thedocumentslo notcontainTEX TUAL
zonesAsthepapersareconferenc@apersandthusrathershort,authorgdid notalways
perceve the function of explicitly previewing the textual presentatioras necessary
Similarly, BAsIs sentencearenotpresentn 20%of thepapersHowever, thepresence
or absencef BASIS sentenceseemdo have lessto do with writing styleandmore
with thetype of researctdone.

The valuesin gure 4.24 showv absolutenumbersfor the occurrenceof non-
basic cateyoriesin specialareas.For example,we can seethat thereare not mary
alignableabstractsentencesanywherein the document—ayold standardde ned by
alignablesentencesnly would thusresultin badoverall coverage aswe have amgued
in sectiord.1.2.2.

Figure 4.25 shaws which cateyoriescan be found in a given area,and g-
ure 4.26 shavs in which areasa given categgory canbe found. We seethat somear-
easshav a particularly low variability with respectto cateyories. Conclusions for
example, mainly consistof OWN sentenceswith occasionalAiM and CONTRAST
sentencegConclusioncapitalizeon the overall researctprocessthey highlight own
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contrikution, relevanceof results limitations, future work, and advantageover rival
approaches-or sometasks,this type of informationmight be enough;however, we
predictthatit would notbe enoughfor ours.

The relatively high proportionof Aim sentence$ound in abstractsvould be
adwantageousor our task.However, evenif we considereatonclusionand(alignable)
sentencegogether coveragewould still be low for certain cateyories, e.g. BACK-
GROUND, BAsIis and TEXTUAL. All of thesecateyoriescan be found in the intro-
duction.lIt is the variety of agumentate cateyoriesin theintroductionwhich makes
annotationof this sectionmoredif cult (cf. the comparatrely low reproducibilityin
gure 4.23),but alsomorerewardingfor our task.

A compromisebetweertime ef ciency andquality is to annotateabstractsin-
troductionsandconclusionsvhereavailable,and rst andlastparagraphasafall back
option. The price to be paidfor this ef ciency is in coverageandcomparability An-
notatedmaterialoccurringin the large areamarked “Middle” or “Rest” (all document
areasexceptalignablesentencesntroductionandconclusionsplackin gure 4.26),
including BAsis, would getlost. Also, we cannotbe surethata givenpaperis written
in amodularway, i.e. thatit reiteratesmportantmaterialfrom the middle of the doc-
umentin the periphery—somelo not repeatinformationintroducedrom the abstract
in theintroductionsection(cf. section4.1.2.2).Thisis anothereasorwhy the quality
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of area-reducednnotatiormight belowerthanunrestrictecannotation.

In sum,the annotationeffort can be reducedby restrictingthe annotationto
certainareaswithin a papey but sucha restrictionhasits pricein quality of the gold
standardsOnecouldrestricttheannotatiorto sentenceappearingn theintroduction
section,even thoughannotatorswill nd themharderto classify or to all alignable
abstractsentencesgvenif thereare not mary of themoverall, or to conclusionsen-
tencesevenif the coverageof differentargumentatre catejoriesis very restricted.
Theimplicationsfor Argumentatre Zoning gold standardsre that the advantageof
time sarzingshave to beweighedagainstaskconsiderationfn the concretescenario.

4.5. Conclusion

In the rst sectionof this chapterwe discussedhe questionhow a practical gold
standardfor a task like Argumentatie Zoning could be constructedand how its
value could be evaluated.This discussioried to a list of desiredpropertiesof a gold
standard—somef whicharedif cult to achieve with a surface-basedvaluationstrat-
egy like ours.We have discusseavhy simplergold standardssuchastamgetskeys and
free-selectedentencesare not sufcient in our text type andtask.In particular we
have aguedthatsimilarity with abstracsentencedoesnot automaticallyconstitutea
goodgold standardevidencepresentedn section4.4.1con rms this agument.Our
methodologyfor arriving ata gold standardelieson humanjudgement®f every sen-
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tencein thedocumentWe decidedo conductreliability studieso measureéhedegree
of humanagreemenon thetask.

In section4.2, we advocatethe Kappacoefcient asa measurdor annotation
similarity. The main part of the chapter(section4.3) presentghe experiments:they
demonstratéhat the annotationschemecanindeedbe learnedby trainedannotators
andsubsequentlgppliedin aconsistentvay. In particular studyl shavsthatthebasic
annotationrschemewhich distinguishesentencesn the basisof attribution of scien-
ti ¢ authorshipjs particularlyreliable,both over time aswell asbetweerannotators.
This is important,asthe conceptof intellectualattribution is newv and centralto our
modelof agumentatior(cf. section3.2).

Study Il examines Argumentatie Zoning (i.e. it usesthe full annotation
scheme)lt shaws thatthe two mostimportantadditionalcateyories,AiMm and TEX-
TUAL, areannotatedeliably, but we identi ed someminor dif culties with the two
catgoriesBAsIs and CONTRAST. As the reliability of the full scheme(asusedin
studyll) is still acceptablewe decidedto usethe annotatedccorpusasour gold stan-
dard.Thiscorpuds to beusedfor traininganautomaticArgumentatre Zoningsystem,
andalsofor intrinsic evaluation.

Studylll tentatvely con rms the intuitivity of the categyoriesof the scheme,
but alsoshaws that Argumentatre Zoningis a complex taskwhich requiresa certain
training periodin orderto be performedconsistentlyIn particular our resultsshav
that very shortannotationinstructionsdo not provide enoughinformationfor Argu-
mentatve Zoning.

In section4.4.1we reportthe resultsof two post-analysesOnelooks at the
amgumentatre zonesfound in authorabstractandrecon rms thatthey cannotbe di-
rectly usedasgold standardTheotherinvestigateshe possibility of restrictionsof the
practicalannotatioreffort by annotatingonly partsof papersOur hypothesighatthe
reliability of theannotationn specialareasof the paperwould be higherin compari-
sonto thereliability achievedoverallhasnotbeencon rmedin all casesThebestgold
standards achieved whenthe entire paperis annotatedthoughwe have givensome
alternatvesfor casesvhensuchannotatiormight seemtoo costly.






Chapter 5

Automatic Argumentative Zoning

In this chaptey we will describeone methodfor solving the task of Argumentatie
Zoning automatically As previously detailed,the taskis to determinethe bestargu-
mentatve categyory for eachsentenceput of a x edlist of seven cateyories.We have
alreadydiscussedow we collectedhumanjudgementsaboutthe argumentatre cat-
egory for eachsentencen our corpus.In this chaptey we will reporton a prototype
systemwhich, on the basisof algorithmically determinabldeaturesof the sentence,
learnsthe correlationbetweernthe humanjudgementsandthe features An alternatve
systemdeterminesrgumentatie zonesin arule-basedvay. In thefollowing, we will
give anoverview of thede nition of thefeaturesandof theimplementationfollowed
by resultsof anintrinsic evaluation.

5.1. Overview of Automatic Ar gumentative Zoning

Figure 5.1 givesan overview of the processe#volved in automaticArgumentatie
Zoning.Beforethe experimentthefollowing stepshadto be performed:

1. Feature de nition: Sententialfeatureshadto be determinedwhich we ex-
pectto correlatewith algumentatie status.lt is importantthat thesefeatures
canbe easilydeterminecautomatically Our choiceof featuress describedn
section5.2.

2. Humanannotation As alreadydiscusseda gold standards neededin our
casein theform of humanannotatiorof agumentatre cateyories(cf. 4). The
annotations usedfor trainingandfor evaluation.

171
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Thestatisticakystenconsist®f atrainingandatestingphaseDuringtraining,
thefollowing stepsareperformed:

3. PreprocessingEachdocumenin thetraining corpusis preprocessenhto a
machinereadableformat with minimal mark-up,e.g.divisionsandheadlines
aremarked (cf. section5.3.2).

4. Featue determination For eachsentencen the training corpus,valuesfor
eachof thesententiafeaturesaredeterminedcautomatically(cf. section5.3.3).

5. Statisticaltraining. Severalstatisticalklassi ersareusedor statisticaimodel
building, determininghe correlationbetweersententiafeaturesandargumen-
tative zonedq(cf. section5.3.4).

Testing,i.e. the applicationof the statisticalmodelto a new (test) document,uses
preprocessingnd featuredeterminationn the sameway asduring training. This is
followedby a stepof

6. Statisticalclassi cation: Using the model acquiredin the training phase,
eachsentences classi ed by its mostlik ely agumentatre status.

Alternatively, thereis alsoa differentsystemfor Argumentatre Zoning:

7. Symbolicules Theserulesoperateontherepresentatioderivedin thefea-
turedeterminatiorstep(cf. section5.3.5).

We comparehuman-annotatetéstdocumentsagainstthe outputof the symbolicand
the statisticalArgumentatre Zoning systemsn the evaluation:

8. Intrinsic Evaluation: Somepartsof the training corpusare singledout for
testing(i.e. they arenotusedfor training). The systemoutputis thencompared
with thehumanclassi cation(cf. sections.4.1and5.4.2).

Finally, the outputof the systemdhasto bedisplayed:

9. Postpiocessing The outputof the automaticandthe humanannotationand
the outputof the automatideaturedeterminationaretransformednto HTML
(usingcascadingtyle sheetsyothatthe paperplusall of its annotatiorcanbe
displayedn anHTML browser eg. Netscape.



5.1. Overview of AutomaticArgumentatre Zoning 173

Cmp-lg
archive

\

]

Training corpus Test document

|

‘ Preprocessing ‘

| |

‘ Human Annotation ‘ ‘ Feature Determinatiob

i i

—] ‘
Statistical System / Symbolic Sﬂv/stem

‘ Statistical Training ‘ . . ‘Statistical Classificatiok ‘ Symbolic Rules ‘
S';(Aatg,nlcl
odels

=N

Evaluation \

\

‘ Postprocessing ‘

L

|
=

Figure5.1: Overview of our Implementatiorof an Argumentatie Zoner

Anotheroverview of this rathercomplex setupis givenin gure 5.2, which
concentratesntherepresentationsf the corpusat differentstagef processingThe
documentsare taken from the sourcearchve in two formats (IATeX and PostScript).
The PostScriptversionsare printed out andhand-annotatedhe correspondindgATeX
versionsarecornvertedinto XML. They constitutethe training materialfor automatic
Argumentatre Zoning. After the training corpushasbeenautomaticallyannotated,
intrinsic evaluationis measuredy the Kappastatistics,and postprocessingroduces
web-bravsableHTML representationsf the outputof seemandunseerpapers.
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Figure5.2: DataFlow in the Argumentatre Zoner

5.2. Correlatesof Argumentative Status

The agumentatie statusof a sentences a propertythatis too dif cult to determine
directly algorithmically Instead we de ne heuristicswhich measurénow appropriate
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it is to assigrnagivenargumentatre zoneto a sentencefor this end,we needto de ne
operationallytractablecorrelategsententiafeatures)vhich capturesomecharacteris-
tic aspecbf thatsentence argumentatre status.

It is generallyassumedhat appropriatecorrelatesexist for similar tasks.For
example,humansummarizersare guidedby sententiafeaturedik e locationandthe
occurrenceof certaincue phrasesvhenthey determineimportanceof a textual sey-
ment(Cremmins,1996);andthe text extractionliteratureprovidesus with a pool of
suchfeatures(heuristicmeasuresjor sentenceelevance(Paice, 1990; Luhn, 1958;
Baxendale 1958;Edmundson]1969;Kupiecetal., 1995).

Thetaskof Argumentatre Zoning movesaway from the conceptof sentence
relevancetowardsa newv conceptof agumentatre status.Our annotatiorschemecan
beinterpretedasencodingdifferenttypesof relevance We have de ned four different
kinds of sentencesvhich are particularly importantfor the global agumentationof
the paper(the non-basiccateyories),andthreecategorieswhich provide background
information.All of theseareimportantfor differentreasonsWe have assumedofar
thattherearecorrelatesof this algumentatre statusin our texts which canbe readoff
thesurface.

It might well be thatthe featureswvhich areusefulfor our taskdiffer from the
onesusedfor determiningglobalrelevance Figure5.3givesanoverview of ourfeature
pool. Someof thefeaturesve use(the Content Explicit Structure AbsoluteLocation,
FormulaicandSentencé.engthfeaturesareborrovedfrom the text extractionlitera-
ture, but in somecaseschangesverenecessarythe Formulaicfeature for example,
is anelaboratiorof similar, simplerfeaturesusedpreviously. We alsousefeaturesot
typically usedfor text extraction,namelythe Syntactic,Citation and Agentvity Fea-
tures;asfaraswe know, we arethe rst to de ne thesefor ary task.

Whende ning the featureswe tried to make them maximally distinctive In
orderto do so, we usedinformation provided in contingencytables A contingeng
tablelists thevaluesof a givenfeaturewith its countsin the corpuscf. gure 5.4.

Distinctive featureshave heterogeneougskewed) distributions, i.e. distribu-
tionswhichdifferasmuchaspossiblerom theoverall distribution of categories.There
are statisticalmeasuresgor this heterogeneitye.g. g-score(Dunning, 1993).In sec-
tion 5.3.3,we will provide the contingeng tablesfor eachof our featuresthe useof
contingenyg tablesfor statisticalclassi cationwill bediscussedhn section5.3.4.
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Type Name Featuredescription Featurevalues
Content Cont-1 Doesthesentenceontain“signif- | Yesor No
Features icantterms”asdeterminedy the
tf/idf measure?
Cont-2 Doesthe sentencecontainwords | Yesor No
alsooccurringin thetitle or head-
lines?
Absolute Loc Positionof sentencén relationto | A-J
location 10 segments
Explicit Struct-1 Relative and absolutepositionof | 7 values
structure sentenceawithin section(e.g. rst
sentenceén sectionor somavhere
in secondhird)
Struct-2 Relatve position of sentence Initial, Medial, Final
within aparagraph
Struct-3 Type of headlineof currentsec-| 16 prototypical headlines
tion or Non-Pototypical
Sentence | Length Is the sentencdongerthanacer | Yesor No
length tain thresholdn words?
Verb Syn-1 Voice (of rst nite verbin sen-| Active or Passve or
Syntax tence) NoVerb
Syn-2 Tense(of rst nite verbin sen-| 9 simple and comple
tence) tensesor NoVerb
Syn-3 Isthe rst nite verbmodi ed by | Modal or no Modal or
modalauxiliary? NoVerb
Citations Cit-1 Doesthe sentencecontaina cita- | Citation, Author Name or
tion or thenameof anauthorcon- | None
tainedin thereferencdist?
Cit-2 Doesthe sentencecontaina self | Yesor No or NoCitation
citation?
Cit-3 Locationof citationin sentence | Beginning, Middle, End or
NoCitation
Formulaic | Formu Type of formulaic expressionoc- | 20 Typesof FormulaicEx-
expressions curringin sentence pressions+ 13 Types of
Agentsor None
Agentvity | Ag-1 Typeof Agent 13 different types of
Agentsor None
Ag-2 Type of Action, with or without | 20 different Action Types

Negation

X Negated/Non-ngated,
or None

Figure5.3: Overview of FeaturePool
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Paragraph(Struct-2 ) | AiMm 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 Contingeng Table:Paragrapt-eature

Anotherdesiredoropertyis coverage (asopposedo peakiness Somefeatures
are strongindicatorsof a certaincategory, but occurvery rarely in the corpus.For
the averagesentencesuchafeaturewould not be of helpfor classi cation.Moreover,
suchfeaturesleadto over- tting , a problemwhich occurswhen featuresencodeid-
iosyncrasie®f thetrainingdatawhich areaccidentato thedata.Thefeaturewill then
not provide usefulinformationfor unseenput similar data.An examplefor a peaky
featureis theoccurrencef thephrase'in this paper in asentenceEvenlydistributed
featureg(e.g.verbtense)have a highercoveragej.e., they canbe morereliably esti-
matedfrom text. They typically do not give strongindications,but mary of themin
combinationmight in uence the statisticalclassi cationinto the right direction. We
have tried to nd a compromisebetweenfeaturesthat are pealky andthosethat are
evenly distributed.

Thechoiceof thevaluesfor thefeatureds notindependentf theclassi cation
methodchosenWe initially followed Kupiecetal. (1995)in usinga Naive Bayesian
classi er. Later, we usedotherclassi ers, but the original designof the featureswas
in uenced by theintentionto usethemin a Naive Bayesiarnclassi er. This classi er
demandghatfeaturesmusthave discontinuousalues,andin practiceit alsoimplies
thatfeaturevaluesall fall into a small setof distinct values.Too mary valuesmight
in uence classi cation resultsnegatively astheremight not be enoughtraining ma-
terial availablefor the rarevalues.Thus,we often hadto clustervaluesinto classes;
we did so manually Anotherlimitation is that Naive Bayesallows only onevalue of
a featureper classi ed item. Additionally, Naive Bayesassumeshat the featuresare
statisticallyindependenbf eachother so we tried to identify featureswhich would
classifysentencesto certaincategoriesfor reasonglifferentfrom the otherfeatures
in thefeaturepool.
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5.2.1.Traditional Features

5.2.1.1. Content Features

Theassumptiorbehindthe contentfeatureds thatconceptgapproximatedy textual
strings)arerepresentationsf the semantic®f thetext spanin the context of theover-
all documentDifferent contentfeaturesmight differ in exactly how they determine
the mostsalientconceptsn a text span.Contentfeaturesareusedin mostof today's
sentencextractors,i.e. for determiningglobalsentenceelevance.

The two contentfeatureswe usearedifferentfrom the otherheuristicsin our
poolin thatthey concentrat®n subjectmatterratherthanmorestructuralor rhetoric
cues.We hypothesizedhat contentfeaturesshouldbe lessimportantfor Argumenta-
tive Zoningthantheotherfeaturesasit is notimmediatelyobvioushow thefactthata
certainsentenceontainsccharacteristisubject-mattekey wordswouldhelpdetermine
its argumentatye category.

Term Frequency(Cont-1 ): Cont-1 usesthe tf/idf (term frequeny timesinverse-
document-frequery method,which employs lexical frequeng to identify concepts
thatare characteristidor the contentsof the documentThe tf/idf methodis success-
fully usedfor informationretrieval (SaltonandMcGill, 1983).

tf/idf triesto identify diagnosticunits (textual spans)which arefrequentin one
documentut rarein the overall collection.This is achiezedby combiningtherelatve
frequenyg weights(tf) with afunctionof theinversefrequeng of thediagnostiaunitin
the overall text collection(the idf element)e.g.the numberof documentsvherethis
termoccurs,or thefrequeng of overall occurrences:

tf idfy tfy log 100N

td idf,: td/idf weightfor diagnosticaunit w

t fw: termfrequenyg of win document

dfy: numberof documentsontainingdiagnosticunit w
or numberof occurrencesf w in documentollec-
tion

N: numberof documentsn collection

If adiagnosticunit appear®ftenin the overall collection,it is assumedhatit
represents conceptwhich is commonin the domain,andwhich hasalow discrimi-
natingpower—asaresult,it is penalizedy alow idf scoreIf adiagnostiaunitappears
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only once,it mightbenoise(e.g.misspelledvords);suchwordscanbe Itered outby
frequeng thresholds.

In the rst text extractionexperimentgLuhn, 1958; Baxendale, 1958),a pre-
decessonf todayss tf/idf formula was used,which relied only on the tf part. There
are variationsof the formula usedin the literature (e.g. Brandav et al. (1995) use
the logarithmalsofor the tf part). Otherapproachesave variedthe diagnosticunits
used.Luhn's (1958)diagnostiaunitswerethe mostfrequentcontentword stemgafter
functionwordshadbeenstrippedout with a stoplist), i.e. “hypothesis” and“hypoth-
esize”werereducedto the samestem.Nowadays,the simplestimplementationsise
eitherfull wordsor lemmas(wordsnormalizedto their lexicon entries).Otherimple-
mentationsuse nominal pairs, or noun groupsdeterminedoy partial parsesderived
by techniquedik e chunking(shallav parsingof NP andVP complexes;Abney 1990;
Grefenstettel 994). Geogantopoulog1996)improvesresultsachiezed by Finch and
Mikheev (1995)by usingnoungroupsasdiagnostiaunits.

Therehasalso beencriticism of the method,asit cannothandlesynorymy,
pronominalizationgenerako-referentialityandconceptuageneralizationsuchasthe
replacemenof alist by its superordinatéerm (Hovy andLin, 1999;Mauldin, 1991).
This limitation hasbeenreferredto in IR asthe“keyword boundary”.

An additionalcriticism questionsf theapplicationof tf/idf measurefrom doc-
umentretrieval to text extractionis sensiblej.e. if the transitionfrom documentsas
units of scoringto smallerunits like sentenceactuallyworks. (Hearst,1997)voices
theintuition thattf/idf works muchbetterto determineamportantconceptsvhich dis-
tinguishbetweerdocumentsatherthanbetweersmallersggmentswithin adocument:

[...] the estimatesof importancethat tf/idf makes seemnot to be accurate
enoughwithin the scopeof comparingadjacenpiecesof text to justify using
thismeasurg. .. ] (Hearst,1997,p. 44)

Title Words (Cont-2 ): Cont-2 draws its de nition of whata goodkeyword is from
occurrence®f aword in the title and headline.This featuregoesbackto Edmund-
son (1969). The assumptioris that words occurringin the title are good candidates
for documenspeci c conceptsParticularlyin experimentaldisciplines titles canbea
documensurrogaten themseles,asthey oftensummarizehemainknowledgeclaim
of the document(*Low Dose DobutamineEchocadiographyIs More Predictive of
Reversible DysfunctionAfter Acute Myocadial Infarction ThanRestingSinglePho-
ton EmissionComputedTomagraphic Thallium-201Scintigmaphy”; AmericanHeart
Journal 134(5):822-834,1997).
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Along the samelines, headlinesare consideredsummarief the major sec-
tions of thedocument—unlesthey areprototypicalheadlinesuchasintroductionor
Results

However, in other elds, “jokey” titles have becomeashionabl€“F our out of

ve ain't bad”; Archivesof GeneralPsychiatry55(10):865-866,1998).This practice
makesrelianceon title heuristicsrisky astitles do not necessarilyexpressthe docu-
ment'stopic anymore.

5.2.1.2. Absolute Location

The next two featuresusethelocationof a sentencen text. In mary previous experi-
mentsocal organizationwithin a sectionhasbeencorrelatedwvith importance Exper
imentsin text extractionhave assumedhatmorerelevantsentencesanbefoundin the
peripheryof thedocumen{Edmundson]1969).Indeed n othergenredik e nevspaper
text, locationhasbeenshavn to bethesinglemostimportantfeaturefor text extraction
(Brandav etal., 1995;Hovy andLin, 1999).

Absolutelocation,in termsof absolutespatialorganizationof informationin
thelinearmediumof text, shouldbeagoodcorrelatefor Argumentatre Zoning.Read-
ershave certainexpectation®f how thechainof agumentatiorwill proceedandwhich
argumentatre componentarehandledn which areasof the paper

0O 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

— '
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Figure5.5: Valuesfor LocationFeature

We dividethedocumentinto 20 equallysizedsegmentswethencollapsesome
of these(cf. gure 5.5), resultingin 10 differently-sizedsegmentswhich mimic the
structureof ideal documentsSegmentsizeis smallertowardsthe beginning andthe
endof the documentwheredocumentsareoftenwritten moredenselyi.e. wherewe
expecttheauthorsrhetoricalunitsto besmaller In themiddle,thesegmentsarelarger
(cf. sggmentF in gure 5.5,which covers40% of thetext).

5.2.1.3. Structural Correlates

The structuralfeaturesseekto exploit the explicit hints givenby the authoraboutthe
structureof the paper



