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Conventions

Mathematical �����
ProbabilityandStatistics
X randomvariable
x valueof randomvariable
XXXX factor
p(X) probabilityof X
p(X �Y) probabilityof X givenY
L(C) likelihood
GeneralLinear Models
X � X is modelledby theformulaon theright-handside
Y + Z theeffectsof Y andZ areaddedseparatelyto themodel
Y:Z thereis aninteractionbetweenY andZ
Y*Z Y + Z + Y:Z

����� And Non-Mathematical

Citations: For all citationsin German,I give English translationsin italics in a footnote.
Unlessotherwisestated,thesetranslationsaremy own.

Examples: In all examples,relevantexpressionsareenclosedin squarebrackets.Lettersco-
index co-specifyingreferringexpressions.

A noteon personalpronouns: I will usuallyreferto thecommunicatoras“she” (mnemonic:
She=Speaker),andto theaddresseeas“he” (mnemonic:He=Hearer).



Prologue

Ich sprecheauf diesenSeitenzwar übervieles,aberübernochmehrsageich nichts,ganz
einfach deshalb,weil ich dar̈uberkeine klarenVorstellungenhabe. Ein gutesMotto für
mein Buch wäre darumein Zitat von BoscoePertwee,einem(mir unbekannten)Autor
des18. Jahrhunderts,dasich bei Gregory (1981: 558) gefundenhabe: “Früherwar ich
unentschieden,aberheutebin ich mir nichtmehrsosicher”.1 (Eco2000,p. 9f.)

1On thesepages,I talk abouta lot of things,but I do not sayanythingaboutevenmore things,simplybecause
I do not haveanyclear ideasaboutthem.Therefore, a goodmottofor mybookwouldbea citation fromBoscoe
Pertwee, an eighteenthcenturyauthor (unknownto me),which I foundin Gregory (1981: 558): “Before, I was
undecided,but today, I’m not sosureanymore”.



1 Intr oduction

Givennessis a term that hauntsthe linguistic literature. It is particularlypersistentwhenre-
searcherstalk aboutreferringexpressions:Doesthat expressionrefer to somethingnew? Or
did theaddresseeknow thereferentalready?Is thatwhich is known topical,aswell? Are there
dimensionsof oldness,scalesof givenness,hierarchiesof accessibility?New questionskeep
poppingup like theheadsof Hydra.

I do not proposeto answerthesequestionshere. This meansthat I will neitherproposea
theoryof givenness,nor developa schemefor annotatinggivennessin arbitrarytexts. Rather, I
proposeto take a stepbackandinspectoneof theHydra’s headsmoreclosely: thegivenness
of discourseentities. More informally, discourseentitiesarewhat canbe referredbackto in
discourseby anounphrase;moreformally, they areconceptualconstructsthat(computational)
linguistsuseto modelthesemanticsof referringexpressions.The inspectionproceedsin two
steps:

Step1: describethefactorsthatareinvolvedin determiningthegivennessof discourseentities.
This is the subjectof Chapters2. To avoid confusionwith relatedill-defined concepts
suchas“theme” or “coherence”,I will summarisethe web of factorsthat influencethe
givennessof a discourseentity underthe headingentity status. Chapter3 discussesthe
influenceof thematicity, topicality, discoursestructure,andcoherenceon entity status,
while Chapter4 relatesentity statusto salience,accessibility, andactivation.

Step2: examinehow aspectsof entity statuscanbe measuredin corpora,andhow thoseas-
pectsinfluencethe form of referringexpressions.This is the focusof the remainderof
the thesis. Chapter5 focuseson methodology, while Chapters6–8 reporton empirical
studies.

This introductionis structuredasfollows: First, I explain why entity statuswasdeveloped
(Section1.1), followedby generalremarkson methodologyin Section1.2. Next, I outlinethe
contributionsof this thesisto thefield of (computational)linguistics(Section1.3)andfinally, I
giveanoverview of thethesis(Section1.4).

1.1 Why Entity Status?

I startedon therandomwalk thateventuallybecamethis thesiswith theaim to build a corpus-
basedmodulefor prosodygenerationin Content-to-Speechsynthesis.I beganwith looking at
the prosodiccorrelatesof givenness.When I set out to searchthe literaturefor a theory of
givennessonwhichI couldbasesomecorpusannotations,I foundaswamp.Givennessappears
to be a metaphorthat researchersstretchandadaptas they like, dependingon whetherthey
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are looking for the cognitive substanceof their linguistic intuitions, whetherthey want nice
heuristicsfor their experimentdesign,or whetherthey want to explain somethingby the fact
that somethingis known somehow to somebody. This proliferationof useswould fascinate
sociologistsof science.But it makesgivennesssomewhatlessusefulthanit couldbe.

Thisexperienceled meto jettisongivennessandhuntfor aconceptthatwas:

1. theory-independentenoughto be compatiblewith differentviews on how discourseis
structured,differentmodelsof speaker/hearerinteraction,anddifferentviewsonthecog-
nitiveprocessingof language,

2. preciseenoughsothatit canbeexplicatedeasilyin theframework of anadequatetheory,

3. usefulenoughfor describingandanalysingdiscourse,evenif it hasnot beenembedded
into a theory.

Thatconceptis whatI call entitystatus. Entity statusis a structuredbundleof informationthat
collectsall thosepropertiesof discourseentitieswhich canconspireto make oneentity more
or lessgiven thananother. Entity statusis an analyticconstruction;I would not claim that it
assuchis psychologicallyreal,althoughsomeof thepropertiesthat it incorporateshave been
motivatedby psycholinguisticresearch.The only strongclaim that I make with entity status
is thefollowing: Whentalking abouta complex gradientnotionsuchasgivenness,it doesnot
make senseto let hierarchiesandtaxonomiesof givennesssquareoff againsteachotherwhich
coverdifferentaspectsof thesamephenomenon.Instead,weshouldacceptthatwearedealing
with amulti-facetedphenomenonanddevelopappropriatetoolsfor its analysis.

Thepropertiesof adiscourseentity thatdescribeits statusfall into two largeclasses:

Structural properties: Thisgroupdescribesthepositionof thediscourseentity in thevarious
levelsof discoursestructure,its connectionsto thevariousdiscoursesegmenttopics,and
its relationto otherdiscourseentities.

Managementproperties: This groupdescribeshow theinitial descriptionof anentity is built
whenthediscourseentity is first mentionedin adiscourse.It monitorstheentity’sactiva-
tion. Finally, it storesthelinks by which theentity canbeaccessed.

How the analytic constructionof entity statusis filled dependson the theoreticalbasiswe
choose. I will discussseveral alternative instantiationsof entity statusin Chapters3 and 4
passim.In AppendixA, entity statusis illustratedby two sampleanalyses.

Someof thepropertiesthataffect thestatusof adiscourseentitycanbeobservedin corpora
andexaminedwith statisticalmethods.In thethreeempiricalchapters,Chapter6–7,I examine
whatthesepropertiesare,andhow they canbeanalysedwith traditionalstatisticalmethodsfrom
the fields of stochasticprocessesandgeneralisedlinear models. First, a casestudyof entity
statusin radionews(Chapter6) revealsthatif wewantto observesomeof themoreinteresting
aspectsof entity status,we first needa detailedanalysisof the communicationsituationin
whicha text wascreated.Second,Chapter7 explorestheinfluenceof thatquantitativemeasure
on pronominalisation.
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1.2 Methodology

Anotherproblemthat I encounteredin my work on prosodiccorrelatesof givennessled meto
questionthe role of statisticsin my research.In the particulargenreI looked at, radio news,
prosodiccorrelatesof givennessarenot exactly straightforward. Sinceresultsareonly good
resultsif wehavep � 0.05,andsinceit is impossibleto arguestatisticallythatsomethingis not
thecase,I encounteredinnumerable“yes,but ���	� ”, whichdonotspringto mindif yourp-values
arewell-behaved. Clearly, statisticscanhelpfind patternsin data(exploratorystatistics),sum-
marisedataquantitatively (descriptive statistics,statisticalmodelling),anddeterminewhether
associationsfoundin onedatasetcanbegeneralisedto thepopulationthatthedatacomesfrom
(inferentialstatistics).But thepoint is that it canonly helpyou do the work of interpretation
andanalysis,it cannotdo thatwork for you (Gigerenzer, Swijtink, Porter, Daston,Beattyand
Krüger1989). If your hypothesesareill-defined, if your datadoesnot fulfil certainprecondi-
tions,if you aretrying to predictsomethingwhich humanscannotevenmeasurereliably, both
youandyour statisticsarein deeptrouble.

Anotherquandarylies in thedemandsthatstatisticsmakeson its users.In orderto keepthe
mathematicsmanageable,many statisticalmethodsmake simplifying assumptionsaboutthe
datathatonly a few real-world applicationsarelikely to meet.Thosemethodsthatmakeonly a
few assumptions,suchasmostnon-parametricanalysismethods,aredifficult to interpret.The
wayin whichI will usestatisticalmethodsin thisthesisis bestdescribedby thefollowingquote:

Statisticalmodelsareonly approximationsto the underlyingdatageneratingmechanism,
but are,nevertheless,usefulrepresentationsto aidusin understandingwhatis goingon. In
many cases,they maynotevenbeatall realistic,but, whenshown not to fit well to thedata,
indicateclearlythatacertainmechanismis notoperating. (Lindsay1995,p. 97)

I donot claim to introducenew methodsto corpuslinguistics.Rather, I usetried andtested
methodsin an unfamiliar way—asa meansfor testinglinguistic hypothesesand with clear
caveatswhenthe linguistic datawasobviously not aswell-behavedasthemethodwould have
liked it to be. Most of themethodsI useareparametric:they make clear, strongassumptions
aboutthe distribution of the randomvariablesthat are to be modelled. The disadvantageis
that someof theseassumptionsareboundto be too strong. But in contrastto non-parametric
models,which make fewerassumptions,theresultsaremucheasierto interpret,aslong asone
bearsin mindwhatsimplificationshadto bemadein orderto applythemodel.

Statisticalanalysisof corporahasits limits. All it candois to giveusquantitativesummaries
of how anannotatorreactedto thetext sheworkedon—totheextentthatherannotationsreflect
herreactions.For thesake of replicability, theannotationsshouldbeconsistentacrossannota-
tors: any well-trainedannotatorshouldreactto thetext with thesamelabels.This requirement
is calledreliability andhasbecomeincreasinglyimportantin corpuslinguistics. But thereare
limits to whatwe canannotatereliably, andwe hit theselimits whenwe wantpeopleto label
how a given string of wordsmight be processedcognitively. This is a fundamentalproblem
in any corpusstudyof referringexpressions.I solve this problemin two ways. For the large-
scalestudieson theBROWN-COSPEC corpus,which is describedin AppendixC, we identified
sequencesof referringexpressionsthataccessthesamediscourseentity andaddedlittle other
complex information. Second,for the small-scalestatisticalstudiesreportedin Chapter6, I
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work with the labelsof oneannotatoronly. Theselabelsexpressher judgementsaboutcogni-
tive accessibilityandthesourceof new discourseentities.Thestatisticalanalysesof this data
only indirectly saysomethingaboutthe useof referringexpressions;they merelysummarise
how theannotatorreactedto thetext. In orderto determineto whatextentpropertiesof thetext
influencethesereactions,theexperimentwouldneedto bereplicatedwith differentannotators.

Theemphasisoncognitivemodelsin themorefunctionallyorientedliteraturenotonly leads
to difficultieswith corpusstudies,asstatedabove. It alsoobscuresthe fact that languageis a
socialsemiotic(Firth 1950,Halliday 1978). I do not know of any linguistic theorythatwould
integratebothaspectsin anappealingframework, thatcanafford to presentthecomplete,albeit
complex picture,and I mistrustany attemptto reducepart of that complexity to oneor two
keywordsplusmaybesomeaffiliated maxims,elegantthoughthey mayappear.

Instead,I choosemy analyticaltools dependingon the researchgoals: In the studyof ra-
dio news, I adopta functionalistperspective, which integratesresultsfrom mediastudiesand
cognitivescience.Whendocumentingandmodellingpatternsof languageuse,I usestatistics.

1.3 Contrib utions

ErscḧopfendeBelesenheitmasseich mir nicht an, und sie ist bei demUmfangeunserer
Literaturkaumzu verlangen.Manches,wasich für meinEigensteshalte,magsichschon
längstin denWerken Anderervorfinden;und wenn ich eswirklich zum erstenMale zu
Papiergebrachthabe,sokann,ohnedassich esmich entsinne,meinverewigter Vaterder
geistigeUrhebergewesensein.1 (von derGabelentz1891,p. VI)

What the contributionsof this studyaredependsto a large extent on the interestsof the
reader.

For thosewho areinterestedin theoreticaldebates,I offer entity status,a flexible concept
that I have usedasanextralinguisticbasisfor studyingtheform of referringexpressions.It is
relatively theory-neutral;I have exploredits relationto several theoriesof discoursestructure,
suchasRhetoricalStructureTheory(MannandThompson1988),thediscoursetheoryof Grosz
andSidner(1986)andvan Dijk andKintsch’s (1983)propositionaltheoryof text processing.
Readerswith a leaningtowardssemioticsmight find the introduction to and applicationof
Ungeheuer’s (1987c)perspective on communicationinteresting,a perspective which hasbeen
ignoredin mostof computationallinguistics.

For thosewho areinterestedin practicalresults,I offer threeempiricalstudies:In thefirst
study I analyseentity statusin radio news. Radio news, andagency news in general,are a
very populargenrein computationallinguisticsandspeechprocessing:Audio mining andtext
classificationalgorithmsaretrainedon suchcorpora,andlargeradionews corporasuchasthe
BostonUniversityRadioNewsCorpus(WBUR, Ostendorf,PriceandShattuck-Hufnagel1995)
andtheStuttgartRadioNewsCorpus(SRN,Rapp1998)areusedin thedevelopmentof speech

1I do not claim exhaustivescholarship,andsuch a scholarshipcanhardly bedemandedgiventhesizeof our
literature. Someof whatI mightdeemmyveryownmightpossiblyalreadybefoundin theworksof others,andif I
shouldreallyhavewrittensomethingdownfor thefirst time, myowndeceasedfathermayhavebeentheoriginator,
eventhoughI cannotrememberit.
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synthesissystems,in particularin developingprosodymodules.Whatis new aboutthis thesis,
at leastfor that part of the linguistics communityI comefrom, is that I attemptto take the
genreseriously, that I draw on resultsfrom mediastudiesto describehow theparticularcom-
municationsituationin radionews will affect thestatusof discourseentities,andthat I show,
usingtheseresults,how deeplyproblematicclassificationssuchas“f amiliar” or “identifiable”
canbe—especiallywhentheanalystleavesthecozyspeaker/hearerdyadandmovesonto more
complex settings.

Second,I attemptto developastatisticalmodelof structuralentitystatusbasedonsequences
of referringexpressionsthatco-specifythesamediscourseentity. Thesesequencesconsistof
mentionsof the samediscourseentity. In eachsequence,two statescanbe discerned,active
andbackgrounded.In order to model thesepatterns,I proposea model that consistsof two
interlinked stochasticprocesses,a non-stationaryPoissonprocess,which generatesthe men-
tionsof adiscourseentity, andaMarkov Chain,whichsimulatestheswitchbetweenactiveand
backgroundedstate. As far asI know, this is the first suchmodel. A preliminaryevaluation
indicatesthatthemodelfalls shortof theinitial expectationsfor two reasons:Firstly, it fails to
coversyntacticconstraintson theoccurrenceof discourseentities,secondly, it doesnotexplain
how theco-text influencestheprobability thatanentity will getmentioned.In orderto extend
it in thesedirections,we needbothmoresophisticatedmathematicalmodelsanda corpusthat
is largeenoughto allow to estimatetheinfluencesof theco-text.

Finally, I studytheconnectionbetweenentitystatusandpronominalisationin asizeablecor-
pusof writtenBritish English,whereentitystatusis operationalisedvia distanceto lastmention.
I comparedistanceto six otherfactors,syntacticfunction,syntacticfunctionof theantecedent,
form of theantecedent,numberof competingantecedents,sortalclass,andagreement.As far
as I know, this is oneof the first systematiccross-genrestudiesof the factorsthat influence
pronominalisation.I alsodevelop a simplemethodon the basisof generalisedlinear models
that helpsdetectpowerful and robust features. Powerful featurespredict pronominalisation
well, while theinfluenceof robustfeaturesdoesnotvarygreatlywith genre.

1.4 Overview

Beforeyou leave the introduction,hereis a roadmapof what is to follow. For easyreference,
Figure1.1 indicatesdependenciesbetweenchaptersby arrows.

Chapters2, 3 and4 form thetheoreticalpart. In Chapter2 I explainwhatentitystatusis and
discussits semioticandcommunicationtheoreticfoundations.The communicationtheoryof
GeroldUngeheueronwhich largesectionsof Chapter2 arebasedis introducedin AppendixE.
In Chapters3 and4 I review theliteratureonstructural(3) andmanagement(4) aspectsof entity
status,andlink theconceptto varioustheories—theoriesof discoursestructureandthematicity
in Chapter3, andtheoriesof activationandaccessibilityin Chapter4.

Togetherwith AppendixB, Chapter5 forms a methodologicalinterlude. In Chapter5 I
discussschemesfor annotatingentity statusanddevelopandmotivatetheannotationstrategies
thatwill beusedin theempiricalChapters6 and7. In thatchapter, I alsoexploredistancefrom
lastmentionasa measureof entity statusandtake thefirst stepstowardsa statisticalmodelof
co-specificationsequences.Themethodsfor statisticalcorpusanalysisthat I will usein these
Chaptersaredescribedin moredetail in AppendixB.
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Figure 1.1. Overview of thethesisstructure.Arrows indicatedependencies.X � Y means:X
providesbackgroundinformationfor Y. Numbersdenotechapters,capitallettersdenoteappen-
dices.Bold: empiricalpart,underlined:methodologicalpart, italics: introductionandconclu-
sion

The empiricalpart consistsof Chapters6 and7. In Chapter6 I examineentity statusin a
small corpusof radionews andpresentseveraldetailedtext analyses.On thebasisof a much
largercorpus,I investigateinfluenceson pronominalisationin Chapter7.

Chapter8 summarisestheresultsof thethesisandoutlinespotentialapplicationsto prosody
research.The Appendicescontaintwo sampletexts (AppendixA), a brief review of the nec-
essarystatistics,in particulargeneralisedlinear models(AppendixB), documentationfor the
BROWN-COSPEC-corpustogetherwith theannotationmanualfor SortalClasses(AppendixC),
andabrief introductionto thecommunicationsemanticsof GeroldUngeheuer(AppendixD).

All chaptersexcept for the introductionandthe conclusioncarry a summaryof the main
results,eitherasanexplicit sectionor asa subsection.Readerswho areonly interestedin the
empiricalresultsshouldreadthesummaryof Chapter2 andthenmoveonto thechapterof their
choice. More thoroughreadersmight want to addthe summariesof Chapters3 and4 to that
trajectory. Readerswhoarelooking for literaturereviewsor theoreticaldiscussionsshouldread
Chapters3 and4; thosewho have a penchantfor philosophicaldiscussionsshoulddefinitively
try thecompleteChapter2 andAppendixD. AppendixE containsasummaryin German.



2 What is Entity Status?

In this chapter, I will provide a theoreticalfoundationfor the conceptof entity status.When
we link givennessor entity statusto a theoryof cognitiveprocessing,in particularto animple-
mentedmodel,we make our theorymorespecific,andhencemoretestable.This is the path
thatmostscholarsworking on givennessstrive to take. But thefocuson cognitive modelshas
its downsides:Firstly, quite a few researchersrely on folk-psychologicaltheoriesof memory
andcognition.Secondly, the moredeeplyenmeshedyou becomein a particulartheoryof lan-
guageprocessing,themoreyou losesightof communication.In particular, you tendto forget
that,asFirth (1950)pointedout, languageis usedfor communicationin societies.In orderto
rememberthis fact,you needto returnto a morefundamentalway of thinking aboutlanguage:
communicationtheory. This is thepathI will take in this chapter.

However, nomatterwhattheoryI will alignmyselfwith in thefollowing pages,somereader
will have goodreasonto criticise it on philosophicalgrounds.Thereis no generallyaccepted
theoryof humancommunication,nor is there“a” generallyrecognisedsemiotictheory. For the
theoryof communication,I largelyrely onthework of GeroldUngeheuer(1987c).Ungeheuer’s
perspectiveoncommunicationis attractivebecausehetakespainsnot to simplify anything; this
is probablythe reasonwhy he never developeda full-blown theory. Sincehis work is little
known, evenwithin Germany, AppendixD givesabrief introductionto his ideas.

This chapteris structuredasfollows: First, in Section2.1, I discusswhatdiscourseentities
are,bothfrom a semanticandfrom a semioticpoint of view, anddeveloptheconceptof entity
statusin moredetail. Next, in Section2.2, I further develop the conceptsof discourseentity
andentity statuson thebasisof GeroldUngeheuer’s approachto communication.Section2.3
concludeswith asummaryof themainpoints.

2.1 What is a DiscourseEntity?

The notion of discourseentitiesis relatively young, but its sourceis very old: the problem
of reference. Sincethe time of the Ancient Greeks,philosophershave debatedif and how
words can be usedto refer to objectsin the real world (Coseriu1975). The technicalterm
“discourseentity” wasintroducedin orderto dissociatetwo researchquestions,namely“What
is the natureof reference?”and“What doesa referringexpressionmean?”. To give an idea
of the problemsinvolved in thinking aboutreference,I will sketchthe work of Frege andof
Russellin Section2.1.1). Then, in Section2.1.2, I will contrasttheir resultswith the work
of Karttunen,who inventedtheterm“discoursereferent”(Section2.1.2),which is roughlythe
sameasour “discourseentity”. Thattermwill bedevelopedin moredetail in Section2.1.2.
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2.1.1 Reference

Frege (1892)1 was the first to distinguishbetweensenseand reference.Whenwe know the
referenceof anexpression,we canevaluatewhetherit is trueor falserelative to thoseentities
andconceptsin theworld that it refersto. Its sense,on theotherhand,is themodein which it
is presented,how we think aboutandunderstandthatexpression.AlthoughFregeestablishes
thenotionof senseon thelevel of thoughts,a senseis not somethingthatexists in themind of
an individual. Instead,thesensesof signsarefixedandmaintainedby a community. Take for
examplethesentencesin thefollowing example,citedafter(Frege1892,page28):

(2.1) Themorningstar is abodyilluminatedby theSun.

(2.2) Theeveningstar is abodyilluminatedby theSun.

Both italicisednounphrasesrefer to the sameentity in the world, the planetVenus,so either
botharetrueor botharefalse.But if somebody’ssenseof theexpression“morningstar”differs
from hissenseof “eveningstar”,hecanthink thatsentence2.1is true,andsentence2.2is false.
This leadsusto acentralproblem:How canwebesurethattwo linguisticsignssharethesame
reference?ThisquestionopensaPandora’sboxof otherproblems.In orderto ascertainwhether
two signsco-refer, weneedto find find thereferentof asign,but how? And how canwebesure
thatagivenlinguistic signrefersat all—which expressionsare“referringexpressions”?

For example,in the literatureon definitenounphrases,referentialusesof definiteNPsare
clearlydistinguishedfrom attributiveuses(Donnellan1966).TheNP “the murdererof Smith”
is usedreferentiallyin sentence2.3,becauseit pointsto thepersonwho murderedSmith,and
attributively in sentence2.4whereit predicatesof thebutler thathehasmurderedSmith.

(2.3) Themurdererof Smithusedablunt instrument.

(2.4) Thebutler is themurdererof Smith.

(2.5) Themurdererof Smithmustbecrazy

The referentialuseis alsocalledde re, becauseit is intendedto point to a specificreferent,
while the attributive use,whereany referentis possiblethat fits the definitedescription,has
beentermedde dicto. In sentence2.5, the NP “the murdererof Smith” is attributive if we
assumethat the personwho utteredthe sentencedoesnot know who the murdererof Smith
is—but whoever did it, whoever we canpredicateof thathemurderedSmith,boy, musthebe
starkraving mad.

Thereareconstraintson the entitiesthat canbe referredto, aswell. Russell(1919/1993)
statesveryclearlythatit is only possibleto referto entitieswhichexist in therealworld. Phrases
like“a unicorn”or “the presentking of France”donot refer. SinceRussellanalysesthedefinite
article “the” as the claim that thereexists exactly oneindividual on which the descriptionin
thedefiniteNPfits, anounphrasesuchas“the presentking of France”is simply false,because
present-dayFranceis a republic. Somesemanticanalysesof genericityalsoassumethat it is

1I usethe classicalEnglishtranslationhere,becausethat providesme with the terminologyusedin English-
languagepublications.
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notpossibleto referto genericNPs.For furtherdiscussion,see(Carlson1991,Krifka, Pelletier,
Carlson,terMeulen,Link andChierchia1995).

But to whatextentarethesephilosophicaldiscussionsrelevant for theuseof referringex-
pressionsin actualdiscourse?Considerthefollowing threediscourses:

(2.6) [The lastunicorn]� wasaverygentleanimal.With thehelpof asweetlittle girl, [it] �
managedto defeattheevil sorcererwho hadconfined[its] � speciesto thesea.When
[theunicorn]� finally left thelittle girl to rejoin [its] � family, thegirl wasreally sad.

(2.7) [The murdererof Smith]� must be crazy. [He] � first lashedout at Smith repeat-
edly with a horsewhip, then [the murderer]� severedSmith’s handsandfeet, and
finally, [this dangerto society]� kickedthevictim down thecellarstairs,where[the
vicious killer] � stabbedSmith exactly onehundredtimeswith Smith’s own Swiss
armyknife.2

(2.8) [The lion] � is a mighty hunter. [He] � livesin Africa. If a linguist comestoo close
to [him] � when[he]� is hungry, [the lion] � will eat that linguist with relish. And be
careful—[lions]� will makeno differencebetweenfunctionalistsandgenerativists.

In thesethreediscourses,definitenounphrasesandpronounsareusedto refer backto an at-
tributivedefiniteNP (themurdererof Smith),to somethingwhich doesnot exist (theunicorn),
andto a kind (lions). In the following section,we will investigatehow theseproblemscanbe
attackedwith thehelpof anew concept,theconceptof “discoursereferent”.3

2.1.2 DiscourseReferentsand DiscourseEntities

Karttunen(1976)examinesthe questionwhy definiteNPsandpronounscanbe usedin such
a potentiallyobjectionableway. To this end,heproposesto focustheattentionaway from the
referentsof philosophy, which weredesignedto formalisethe truth conditionsof a sentence,
andtowardsdiscoursereferents,whicharedesignedto modelhow peopleprocessdiscourse.

Karttunenassumesthat in certaincontexts, an indefinite NP establishesan entity in the
discourse.If suchan entity, which Karttunencalls discoursereferent, hasbeensuccessfully
established,it is possibleto referbackto thatentitywith adefiniteNPor apronoun.This is the
linguistic testhe usesthroughouthis paper. Now, the initial questionbecomes:Underwhich
conditionsdo indefiniteNPsestablisha discoursereferent?He found that therearetwo main
contexts in whichdiscoursereferentscanbeestablished:

1. The indefiniteNP occursin a sentencethat “is asserted,implied, or presupposedto be
true,andthereareno higherquantifiersinvolved.” (Karttunen1976,page383)

2. TheindefiniteNPoccurs

2Note that I usethemalepersonalpronounherebecausethat is commonlyusedin detective storieswhenthe
inspectordoesnot havea cluewho committedthecrime.

3By jumping from Russellto Karttunenin this way, I naturally skip most of the very lively discussionof
referencein theliteratureon philosophyandformal semantics.For a collectionof classicpapers,seee.g. (Moore
1993),andfor recentsummariesof thephilosophicaldiscussion,seee.g.(Newen1995,vonHeusinger1997).
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(a) in a sentencewhich reportson anotherworld, theworld of a personthat is not the
speaker. Example:

(2.9) Johnsaysthat [an employee of Smith]� killed him. Johnthinks that
[she]� did it becauseSmithkeptmakingpassesat anything with a skirt,
and[she]� musthave beenfed up with this. Theseadvancesmight have
stirredup someold traumain [her]� , which would explain why [she]�
butcheredSmiththis way.

(b) in a sentencewhich belongsto another“mode of discourse”,such as counter-
factuality. In suchcases,thesentencein whichtheanaphoroccurshasto continuein
thesamemode,or beevaluatedin thesameworld asthesentencewherethereferent
thatthis anaphorpointsbackto wasestablished.Example:

(2.10) Whenhegrows up, Johnwantsto marry [a rich girl] � . [She]� shouldbe
old andterminally ill, sothathecaninherit [her]� money soon.Needless
to mentionthat[she]� neednot bebeautiful.

Karttunen(1976,page383)callssuchreferents“short-timereferents”,becausetheir
life spanis limited to thediscoursesegmentwhich is in thesamemodeasthesen-
tencewherethereferentwasestablished.

To sumup, in discourse,referentsmayhavea limited lifespanthatis dictatedby theconditions
underwhich they arefirst mentioned,andit is evenpossibleto refer backto expressionsthat
have no referent,strictly speaking.We cancopewith theseunruly anaphorsby introducingan
intermediatelevel of representationfor processing,be it mentalor computational.This is the
level onwhich discoursereferentsareestablished,maintained,accessed,andceaseto exist.

After Karttunen,work on discoursereferentshasfocusedon theanalysisandprocessingof
referringexpressions.Thecriterionfor determiningwhethera new discoursereferenthasbeen
createdhaslargely remainedthe samethat Karttunenproposedin his paper. Two of the first
semanticiststo integrateKarttunen’sresultsin aformalsemanticframework wereKamp(1981)
and(Heim 1983). Kampproposeda formalism,DiscourseRepresentationTheory(DRT), that
was intendedto model how speakers dynamicallyupdatetheir interpretationof a discourse
during communication.While Kamp’s approachis ratherabstract,Heim (1983)builds on a
catchymetaphor:sheseesdiscoursereferentsasfile cards.On thesecards,all informationis
enteredwhicha discoursesuppliesaboutthatreferent.

Modernformal semanticsdealswith this problemin two ways. Firstly, referenceis deter-
minedwith respectto possibleworlds,notonly with respectto theworld welivein. And in one
of thesepossibleworlds,theremightwell beaunicorn.Secondly, definitereferringexpressions
arenotresolveddirectly to individualsin apossibleworld,but they areinterpretedvia somesort
of intermediateconstruction,suchasdiscoursereferents(Karttunen1976),pegs(Groenendijk,
StokhofandVeltman1996),or discoursesubjects(Dekker 1998).Thedifferentproposalsthat
have beenmadeover the yearsin this tradition have centredmoreon exploring the natureof
thesediscoursereferents,andthewaysin which they canbeusedto interpretreferringexpres-
sions. Theconceptof entity status,in contrast,is gearedto describinghow a givendiscourse
entity is introduced,accessed,andupdatedin linguistic communication,andhow it relatesto
thediscourseit occursin. Entity statusis afunctionalheuristic,notaformalconstruct,although
partsof it couldsurelybeformalisedwith a sufficiently rich formal apparatus.But this would
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leadustoo farafieldhere.

DiscourseEntities

In a seriesof influentialpapersandthesesin the lateSeventiesandearlyEighties,Sidnerand
Webberproposeda differentterminologyin orderto avoid confusingdiscoursereferentswith
the conceptof referentthat is usedin the philosophicaldiscussion.They suggestedthat dis-
coursereferentsbecalled“discourseentities”,in orderto avoid confusionwith thereferentsin
philosophy. Thesediscourseentitiesarepart of a discoursemodel, which representsthe dis-
courseasit hasevolvedsofar. Accordingto Sidner(1983),theseentitiesarememoryelements
which containa setof specifications.Theonly way to testwhethera discourseentity hasbeen
establishedsuccessfullyis to testwhetherit canbe referredback to with a definiteNP or a
pronoun.This testdoesnot imply anything aboutthepropertiesof thatwhich is specifiedby
the memoryelement. It canbe a situation,an individual, an event, a kind, �	�	�—aslong asit
canbereferredbackto, it is adiscourseentity. Referringexpressionsspecifydiscourseentities.
Two referringexpressionsthatspecifythesamediscourseentityaresaidto co-specify. A hearer
caninterpreta referringexpressionin two ways. If theexpressionspecifiesa memoryelement
which is alreadyin thediscoursemodelof thespeaker, but not in thatof thehearer, thehearer
hasto addanew entity to his discoursemodel.If thediscourseentity is alreadysupposedto be
in thehearer’s discoursemodel,heneedsto searchfor theentity in his discoursemodelwhich
is specifiedby that expression.Whena referringexpressioncausesa new discourseentity to
beintroducedin themodelof thecurrentdiscourse,we will saythatit evokesthatentity. If the
entity thatanexpressionspecifiesalreadyexists,theexpressionaccessesthatentity.

Discourseentities are the basisaroundwhich discoursemodelsare organised(Webber
1981). They fulfil similar functions in Heim’s and Kamp’s systemsof dynamicsemantics.
In contrastto Heim’s File ChangeSemanticsand Kamp’s DiscourseRepresentationTheory
(DRT), WebberandSidnerdonotdevelopanew semanticformalism.Instead,they usethetra-
ditional languageof predicatelogic andalgorithmicpseudocode.In particular, Sidner’s aim is
to developa conceptualframework thatallows her to modelanaphoraresolutioncomputation-
ally. Usingdiscourseentities,shecanspecifyresolutionalgorithmson thebasisof anabstract
modelthatcanbemadecomputationallytractable.Thefollowing definitionnicely summarises
this computationalviewpoint:

A discourseentity is avariableor placeholderthatallowsusto index theinformationabout
anobjector event thatwe extract from utterancesto theappropriatementalrepresentation
of theobjector event. (Jordan2000,page1)

Although (Kamp 1981), (Heim 1983), (Webber1983), and (Sidner1983) are frequently
cited together, therearecleardifferencesbetweenthethreestrands.As evidencedby his text-
book (Kamp andReyle 1993),Kamp is by far the mostcautious. He merelyusesdiscourse
markersasidentifiersin thesemanticformalismand,asfar asI cansee,refrainsfrom any fur-
therclaims. Heim (1983)goesonestepfurther. Sheexplicitly designsherfile cardsasa way
to link Karttunen’s discoursereferentsto referentsin therealworld anddefinescomplex man-
agementoperationson them.Theseoperationshavebeendevelopedfurtherby Vallduvi (1990)
in his analysisof informationstructure.Althoughfile cardsappearto bejust thedatastructure
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weneedhere,work afterHeimhasshown thatthemechanismsheproposedis notveryflexible,
becausetheunderlying“card” metaphoris toostatic.As aconsequence,eventhoughFile Card
Semanticshasinfluenceddynamicsemanticsto agreatextent,verylittle work is couchedin this
framework today. Not sowith DRT, which is still verymuchaliveandis continuouslymodified
andextended.

Webber(1983)andSidner(1983)give theterma morecomputationalinterpretation.Both
usediscourseentitiesastoolsfor describingwhatanaphoricexpressionscanberesolvedto. As
far asI cansee,neitherof themhasfocusedon constructinga semanticformalismaroundthe
conceptof discourseentity; instead,thetermhasbeenusedto describeandmotivatesolutions
couchedin thetermsof first-orderlogic or algorithmicpseudocode.Thismakestheconceptof
“discourseentity” moreflexible thanthat of a “file card” or a “discoursemarker”, which are
associatedwith specificapproachesto formal semantics.An additionaladvantageof the term
is that“entity” appearsto bearelatively colourlessterm,contraryto “referent”asin “discourse
referent”,which remindsits userof theproblemwe have beentrying to escape,reference,or
“subject” asin “discoursesubject”,which is homonymouswith the grammaticalsubject.For
thesereasons,I will adopttheterm“discourseentity” here.

The SemioticPerspective

Theintroductionof discourseentitiescanalsobejustifiedfrom asemioticpointof view. Let us
begin with traditionalSaussureansemiotics.As linguisticsigns,referringexpressionsconsistof
asignifiantandasignifié. Accordingto de Saussure(1916/1985),definestheseastwo sidesof
thesamecoin. Both exist in thesamesphere.Thesignifiéof a referringexpressionis therefore
not anobjectin theworld, but a representationof anobject. Discourseentitiesplay a similar
role. They live on an intermediatelevel betweenreferringexpressionsandobjectsin real or
possibleworlds,andthis level is a level of representation.In semioticsjustasin computational
linguistics,researchershave preferredto associatethis level with the mentalsphere.4 If we
want to emphasisethatprocessingsignsis inherentlydynamic,we canalsospeakof signsas
“mentalconstructions”.

Discourseentitiesalso have a placein Peirceansemiotics. For Peirce,signsare triadic
structureswhich connectan interpretant,which participatesin the processof semiosis,to the
correspondingobject in theworld. The interpretant is not thepersonwho interpretsthesign.
Instead,it is thatwhichmakesthesigninterpretable.Thus,in a Peirceanframework, discourse
entitieswouldbetheinterpretantsof referringexpressions.

Eco(1994)developsPeirce’s approacha stepfurther. Accordingto him, semioticsis con-
cernedwith signsassocialforces.Whetherasentencein whichalinguisticsignoccursis trueor
false,is outsidethedomainof semiotics.To claim thatthereferentof a linguistic expressionis
connectedwith somethingin therealworld is counterproductive,becausethemeaningof asign
is cruciallydeterminedby socialprocesses.Following Peirce,Ecoconceivesof theinterpretant
assomethingwhich canonly be describedby othersigns. This hastwo consequences:Not
only aresignsalwaysrelatedto othersigns,but theprocessof interpretinga signis potentially
infinite. This infinite processof semiosismeansthat

4Sincemany semioticistshave interpreteddeSaussure’ssignifiésasmentalrepresentations(Juchem1984)
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As far asI cansee,this semioticmotivationhasbeencompletelyoverlooked in computa-
tional linguistics. It would certainlybe interestingto study the connectionbetweena semi-
otic interpretationof discourseentitiesandtheircognitiveor computationalinterpretationmore
closely, building onmorerecentwork of Eco(2000),whereheattemptsto do thesamefor con-
cepts(c.f. in particularhis Chapter3). But to explore this avenuefurther is beyondthescope
of this thesis.First it is aboutentity status, not aboutthenatureof discourseentities,second,
entity statusis per definitionema very prosaicnotion,designedto helpdescribehow discourse
entitiesmanageto fit in with their co-text andthediscoursemodel.

2.1.3 Entity Status

Whatcouldthestatusof adiscourseentitybe?Rememberthatweintroducedentitystatusasan
umbrellaterm which groupstogetherpropertiesof discourseentitiesthat influencethe extent
to which adiscourseentity is given.But sincegivennessitself is anill-definednotion,we need
to find anothercriterion for decidingwhat shouldgo underthat umbrella. The solutionis to
look at the questionswhich researchershave tried to answerby recurringto somethingthey
thencalled“givenness”:How candiscourseentitiesbeaccessed?How arethey establishedand
initialised?How centralis adiscourseentity to thediscourseit occursin? Hence,my definition
of entitystatusis fundamentallyfunctionalbecausethepropertieswewill assembleshouldhelp
usunderstandhow peopleusediscourseentitiesto processandproducelanguage.I will also
striveto describethesepropertiesin awaythatis astheory-neutralaspossible,becauseoncewe
havea functionaldefinitionof thepropertiesthatwemight need,we canusethis asa checklist
to selectanadequatebasisfor formalisation.

Theresearchquestionsmentionedin thelastparagraphsplit naturallyinto two dimensions:

The dimensionof structure. Key desideratum:
Thestatusof anentitycontainsinformationabouthowcentral it is in thediscourse. This
information is multi-faceted:What is the relation betweenthat entity and the general
topic of thediscourse?Are therediscoursesegmentsin which it is moreor lesscentral?
How hasits statusdevelopedsofar?

If we acceptthe premisethatdiscoursemodelsarebuilt arounddiscourseentities,then
themorecentralanentity is to thediscourse(or to somesegmentsof thediscourse),the
moreimportantit is for grouping(structuring) thepropositionsin thediscourse.

The dimensionof management.Key desideratum:
Thestatusof an entitycontainsinformationthat is necessaryfor managing it.
As wewill seein Chapter4, threetypesof operationsareneededfor thispurpose:initial-
isation,access,andupdate.Themanagementdimensionsuppliestheinformationthat is
neededfor theseoperations,but only to theextentthatit canbederivedfrom thereferring
expressionsor thatit is alreadyencodedin thediscoursemodel.

Although both dimensionsare related,they areevidently not the same. The first dimension
cannotbedefinedwithout a theoryof discoursestructure,andtheseconddimensioncannotbe
definedprofitablywithouta theoryof memory.
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Theseconddimension,on theotherhand,is thedimensionof management. Whenever the
hearerhearsa new referringexpression,hehasto know wherehecanfind thespecificationshe
needsfor interpretingit.

As wewill seein Chapter4, themanagementdimensionhasbeenby far themostpopularin
theliterature,andresearchershave identifiedseveralsub-dimensions.Thestructuredimension,
on theotherhand,is relatedto avarietyof theories:theoriesof coherence,theoriesof discourse
structure,andtheoriesof topic. Theserelationswill bediscussedfurtherin Chapter3.

At this stage,we know thatdiscourseentitiesareconceptualtoolsfor describingdiscourse,
that they aresupposedto be the elementsaroundwhich discoursemodelsareorganisedand
which can be referredback to anaphorically, and that their statushasa managementand a
structuredimension.Butcanthisusefulheuristictool for (computational)linguistsbeintegrated
into a theoryof humancommunication?Canwe successfullytransferthenotionof discourse
entity to a non-algorithmiclevel of thinking aboutcommunication?That is thequestionthat I
will examinein thefollowing section.

2.2 DiscourseEntities in Communication

Discourseentities in their many guiseshave proved to be an importantconceptualtool for
linguistic analysis,formal semantics,andcomputationallinguistics. We will now take a step
backandlook attheconceptfrom amoregeneralperspective,theperspectiveof communication
theory. As I have notedin theintroductionto this chapter, theperspectiveon discourseentities
andtheir statusthat I will developin this sectionservestwo purposesfor theargumentI wish
to develop:

1. to show that thereis more to discourseentitiesthan a purely computationalapproach
suggests(Section2.2.1)

2. to find out how aspectsof discourseentitiesand of their statusin discoursecould be
investigatedquantitatively (Section2.2.2)

For thosereadersthat arenot familiar with GeroldUngeheuer’s approachto communication
theory, I sincerelyrecommendadetourvia AppendixD.

2.2.1 The CommunicativePerspective

WhenweapplyUngeheuer’s approachto linguistic problems,we facea fundamentalproblem:
In linguistics,we strive to detectregularitiesin the way that linguistic signsareused,and,if
possible,theseregularitiesshouldbe describedin the framework of a rigoroustheory, so that
we canpredictfurther regularitiesfrom them. But for this purpose,we needto abstractaway
from the situationsin which the signsareused. Beforewe canstart to analyseany commu-
nicative actions,evenour own, we needto observe what is beingdone.As soonaswe startto
observe,weswitchto theexternalperspective,andlosetheimmediateaccessthatonly theinter-
nal perspectiveyields.Ungeheuerreflectsthis problemin thedichotomycommunicative/extra-
communicative(“kommunikativ / extrakommunikativ”). Ungeheuerintroducesthedistinction
betweencommunicative andextra-communicative in (Ungeheuer1970/1972b),wherehe dis-
cussesthe reality of phonemes.From an extra-communicative point of view, phonemesare
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structuralunits thatmake up wordsandthatcanbeidentifiedby rigorousanalysisof observed
data,following e.g.theproceduresof (Trubetzkoy 1939/1989).Fromacommunicativepointof
view, peoplehearthemeshof acousticcuesthat is anutteranceandmake senseof it giventhe
situationthey arein andtheexperiencesthey havehadsofar.

In otherwords,whenweuselanguagecommunicatively, weperformactsof communication
with it. Whenwe observe how languageis usedin communication,we switch to the extra-
communicativeperspective—weare“outside”. In fact, this distinction follows directly from
thefactthatverbalcommunicationis anaction,andthatactionscanbecharacterisedfrom both
aninternalandanexternalperspective. Theinternalperspective is thecommunicativeone,the
externaltheextra-communicative.

By definition, linguisticsis extra-communicative. Theextra-communicative perspective is
that of the analystwho wishesto find stablegeneralisationsthat hold acrossmany different
situations,thecommunicativeperspective is thatof theindividualwhouseslanguagein agiven
situation.Theimportantpoint hereis that just becausewe find thatsomestructuralunitswork
whenwe analyseobserveddata,this doesnot meanthatpeoplereally usethem.Both perspec-
tivesareequallynecessary, andbothperspectivescomplementeachother, but they shouldnot
bemixed. AlthoughUngeheueradmitsthattheperspectivesarerelated,headvocatesthatthey
shouldbestrictly separated,sothattheresultsof onearenotcontaminatedby theother.

BeideBetrachtungsweisen,die kommunikative, und die extrakommunikative, sind in der
Phonetikgleichwichtig, ihre kategorialenUnterschiedemüssenjedochmit aller Klarheit
festgehaltenwerden.Die ErgebnisseausdenbeidenForschungsgebietenstehennicht—wer
würdediesauchvermuten?—beziehungslos nebeneinander;die Beziehungenkönnenaber
erstad̈aquatanalysiertwerden,wennder wissenschaftlicheWert dieserErgebnissenicht
durchKontaminationkommunikativer undextrakommunikativer Gesichtspunkteherabge-
setztwird.5

(Ungeheuer1970/1972b,page82/page46)

But wheredoescontaminationbegin, andwheredoesproductivedialogueend?Theanswer
to this questionis given in the first sentenceof the quotedpassage.Ungeheuerclearly states
thatbothperspectivesarenecessary. Why? Therecanonly beonereason:Theremustbesome
questionsthat canonly be answeredfrom oneperspective, but not the other, andvice versa.
This is theprincipalareaof dialoguebetweenthetwo perspectives.Extra-communicativeanal-
ysis candiscover highly interestingstructures,andput thesestructuresto usein applications.
While anextra-communicativeapproachis eminentlysuitablefor analysingexternalactionsthat
areobserved in severalsituations,only communicative analysiscanventureinformedguesses
aboutthe internalactionsaswell, canhopeto understandwhy theprocessof communication
developedin a specificway in a givensituation.But not only do thetwo approaches,thecom-
municative andextra-communicativeone,complementeachother. They alsosharea common
basisof phenomenawhich they investigate.

5Bothpointsof view, thecommunicativeandtheextracommunicative, are equallyimportantin phonetics,but
their categorical differencesneedto be statedas clearly as possible. The resultsfrom both fields of research
do not standstandbesideeach otherunrelated—whowouldassumethat?—but theserelationscanonly beanal-
ysedadequatelyif the scientificvalueof theseresultsis not contaminatedby mixing communicativeand extra-
communicativeaspects.
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Let usnow turn backto thetopic of this section,“entity statusin communication”.Sofar,
wehaveonly dealtwith anextra-communicativeperspectiveonentitystatus,theperspectiveof
(computational)linguistics,which wasdiscussedin Section2.1.3. This will alsobe the main
perspectiveof therestof this thesis:I will analysetext corporaquantitatively, andI will explore
probabilisticmodelsof entity status;and in doing this, I will have to largely abstractaway
from thecommunicationsituationin which thetextswereoriginally producedandfocuson the
systematicregularitiesin linguistic behaviour thatwe candetectusingmethodsfrom statistics.
WhatamI losingthere?Whatis thecommunicativeperspective?

In orderto answerthis question,we needto go backto thequestionwhich hasmotivated
computationallinguiststo introducediscourseentitiesasa unit of analysis:How comewe can
refer backto somethinganaphorically?Anaphoricreferringexpressionsarelinguistic forms.
As such,they cannotbepartof theprimarycontent.Froma communicationsemanticpoint of
view, hearersinterpretthemaccordingto two setsof rules:

1. linguistic–semanticrules: Every languagehasa setof conventionsfor determiningthe
meaningof sequencesof linguistic symbols. The speaker usestheseconventionsfor
planningthe externalactionby which sheseeksto influencethe hearer, andthe hearer
usestheseconventionsduring the internalactionsthat he performsin orderto interpret
thebehaviour thatheperceivedthespeakerproduce.

2. rules of communicative interaction: Speaker and hearerfollow theserules in order to
communicateassuccessfullyaspossible,in orderto understandeachother.

Whenanaphoricreferringexpressionsoccurin a sequenceof symbols,it is usuallyimportant
to resolve thepointercorrectlyif thecommunicative act is to succeed.Thehearerneedscon-
ventionsfor resolvinganaphora,if he wantsto successfullyre-constructthe primary content
of thespeaker’s sequenceof signs,especiallyits materialcomponent.But accordingto which
conventionsshouldthespeakerchooseananaphoricexpression,andwhichconventionsshould
thehearerusewhenheencountersit? Thisproblembelongsto themodalcomponentof thepri-
marycontent.As wehaveseenin AppendixD, themodalcomponentmodifiesagivenmaterial
componentin a variety of ways. In the context of anaphora,one level of the modalcompo-
nent is of specialinterest:modificationswith respectto the communicationsituationandthe
otherparticipantsin thecommunicationprocess.For example,supposeyouaretheRepublican
presidentialcandidatein the2000U.S.Campaign,andyou arelaggingbehindyour opponent
in thepolls. You know that you needgoodpresscoverage,journaliststhatextol your virtues,
thatforgetyour slipsin speeches.In this situation,you would only call a journalista “primary
leagueass-hole”whenyoucanrestassuredthatno journalistis listeningin. Youwouldnotdare
to do soif themicrophoneyouhavebeenspeakinginto werestill on.

So far, so good—I have merelyparaphrasedold linguistic insightsfrom a slightly differ-
ent perspective. To make the picturecomplete,oneelementis still missing: that which the
anaphoricexpressionrefersbackto, that which it picks out. In the extra-communicative per-
spective,thisis thediscourseentity. Butwhatis it in thecommunicativeperspective?Anaphoric
referringexpressionsclearlypick outsomethingthatis experiencedby bothspeakerandhearer
assomethingthat they experienceasan“unit” at thetime that it is referredto in conversation,
assomethingthat they canpredicatesomethingof, somethingthat they canassociateexperi-
enceswith, somethingthat is part of their personalexperiencetheory (PET), the sumof all
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experiencesthey have ever made.Canwe bemoreprecisethanthis?No, andyou do not need
to look at thesweepingdefinitionof potentialdiscourseentitiesthat is givenby e.g. (Webber
1991)to seethat. Justperforma simplegedankenexperiment. Searchyour memory, which has
beenformedby your systemof experiences,andtry to find an expressionthat summarisesa
singleexperience,a setof experiences,anevenlargerset �	��� Onceyou have constructeda set
of experiencesasa unit, andonceyou cangive thatunit a name,you have constructedsome-
thing verymuchlike a “discourseentity”. This unit thatyou have just constructedis not static.
It constantlychangesshapeduring the communicationprocess.Sucha unit canfadeandbe
revived,or it canbecomea fixedpartof theway that thePET is organised.Take theexample
of “Germannationalsoccerteam”. Somebodywho neitherknows nor caresaboutsoccerand
whohappensto hearanitemabouttheteam’sdismalperformanceof theradiowill briefly con-
structaunit whichhelpshim understandthatthereis a teamsportwhichpeoplecall soccer, that
Germany hasanationalteam,andthatthis teamhashada few problemswith winning matches
in a Europe-widetournamentrecentlythat they call “EuropeanChampionship”. As soonas
theradio item is over, thesoccer–ignorantwill forgetaboutit. On thecontrary, for a German
soccerfanatic,many experiencesareassociatedwith thesoccerteam:goodgames,badgames,
coaches,players,or feelingsof joy whenthe teamwon its threeWorld Championships.This
personinstantlyconnectswhathehearsto his experiences,especiallyto his recentexperiences
of pain andhis memoriesof dismalplayers. A unit suchas“Germannationalsoccerteam”
hasno sharpboundaries.It is connectedto thesystemof your experiences.Dependingon the
directionfrom which you accessit, dependingon theexperiencesyou have madeimmediately
before,dependingon the experienceswhich you have recalledor beenvaguelyremindedof,
differentaspectswill bemoreor lessreadilyaccessibleto you.

How speaker andhearerdealwith the differencesin their respective PETs,how they ne-
gotiatethecommongroundon which they canbuild their conversation,andwhetherthey can
build suchacommongroundatall, thathasbeenthefocusof many experimentalstudiesin psy-
cholinguistics.Thesestudiesareusuallydesignedarounda heavily constrainedtask: describe
tangramfigures(Clark andWilkes-Gibbs1990),guideeachotherarounda map(Andersonet
al. 1991), describevideofilms, andsoon. For anin-depthdiscussionof this methodology, see
(Brown 1995).

Clark andHaviland (1977)proposedthat thereis a given–new contract betweenspeaker
andhearer. The speaker presentsthegiven informationfirst, so that it is easierfor the hearer
to embedthe new information into his discoursemodel. In otherwords, if speaker wantsto
make it easyfor her hearerto interpretwhat shehasjust heardin termsof her PET, shewill
try to make theseconnectionsexplicit, andshewill verbalisetheseconnectionsasearly in the
messageaspossible,sincethey will help her hearerprocesswhat follows. But what is this
giveninformation?Clark andMarshall(1981)rephrasethis questionas:Which knowledgedo
speaker andhearerneedto share,andhow canthey discover they shareit? If thespeaker not
only wantsto know what the hearerknows aboutthe subjectthey aretalking about,but also
what he assumesabouther, andwhat he assumesthat sheassumesabouthim, andwhat he
assumesthatsheassumesthatheassumesthatsheassumesabouthim, we aresoonstuckin a
nice infinite loop. Ungeheuerwould have probablycalleda halt right after thefirst recursion,
becausehearguesthatit is perseimpossibleto know anotherperson’sPET. ClarkandMarshall
(1981)suggestthat in ordinaryconversation,speakersandhearerscopewith this problemby
a setof heuristics.Whenprocessinga definitedescription,speakersandhearersassesswhere
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Knowledgesource Exampleandexplanation
COMMUNITY Theluggage(known to Discworld cognoscenti)
MEMBERSHIP http://www.lspace.org/books/whos-

who/luggage.html
CO-PRESENCE

physical Theluggageis in ahotelroom.Rincewind asksTwoflower:
“And theluggagereally washesandirons?”

immediate botharelookingat theluggage
potential bothareaboutto enterthehotelroomandseetheluggage
prior bothhave just left thehotelroomandseentheluggage
linguistic
potential WhenRincewind packed[it] � , [the luggage]� grunted.

(cataphoric)
prior WhenRincewind leaveswithout [the luggage]� , [it] � is up-

set.
(anaphoric)

Table 2.1. Sourcesof mutual knowledge. In caseyou wondered,Discworld Luggagesare
woodenchestson legs.

they might know the discourseentity that the descriptionaccessesfrom. Clark andMarshall
(1981)namefour sourcesof mutualknowledge,which communitymembership,physicalco-
presence,linguistic co-presence,and indirect co-presence,which is a mixture of community
membershipandphysicalor linguistic co-presence.Thesesourcesareevaluatedby a setof
heuristics.Table2.1givesexamplesfor thefirst threesourcesof mutualknowledge.6 Fromthe
communicationtheoreticstandpointthatwe have taken,we shouldnot besurprisedthatClark
andMarshall(1981)managednot morethanjust that,a setof heuristics.Sincespeakerscan
never really know thePETof their hearers,they areby thevery natureof thecommunication
processconfinedto assumptionsandheuristics.

When the speaker wantsto make surethat the heareraccessesthe right discourseentity,
shehasmany differentstrategiesat herdisposal.But not all speakersareequallycooperative,
or adeptat finding the right strategies. Whensuchfailuresoccur, thenthat is too badfor the
conversation,but excellentfor theanalyst,who cannow getto work andunearththereasonfor
thesefailures(Brown 1995). Theresultsof Bard,Anderson,Sotillo, Aylett, Doherty-Sneddon
andNewlands(2000)onMap Taskdataindicatethatin fact,speakersaremoreegocentricthan
researchhasassumedso far. Whetherthereferringexpressionsspeakersproducedweremore
or lessintelligible notonly dependedonwhetherthediscourseentitywasnew to thehearer, but
alsoonwhetherit wasnew to thespeaker. Keysar(1997)arguesthatanalystsshouldbecautious
with notionssuchascommongroundor mutualknowledge,which aredifficult to model,and
only assumethem wherethey are neededto explain certainkinds of cooperative behaviour.
But differencesin referentialstrategiesneednot only be due to differencesin cooperativity.
Otherfactorsareage(Light, Capps,SinghandAlbertsonOwens1994,Clancy 1992,Vion and

6We will meetsimilar taxonomiesof knowledgesourcesagainin Chapter4.3,whenwe discusshow linguists
haveclassifiedreferringexpressions.
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Colas1999),socialclass(e.g.Hemphill1989,andthereferencestherein),andlanguage/culture
(Clancy 1980,Pu1995).

2.2.2 MethodologicalConsequences

We have seenthat from a communicative point of view, discourseentitiesare dynamically
changingmentalunitswhicharemoreor lessfixed,dependingonhow deeplythey areanchored
in aperson’ssystemof experiences,herPET. Wehavealsoseenthatit is in principleimpossible
to model the PET of somebodyelseexhaustively. Hence,all categoriesthat rely largely on
the PET, or, to put it in a lessphilosophicalway, on the mentalstatesof speaker andhearer,
areproblematic. Theseproblemssurfacesharplywhen thesecategoriesneedto be usedfor
annotatingcorpora.In suchsituations,wefind two maintypesof problems:

1. The annotator lacks knowledgeabout the communication situation. Often,sheknows
little abouttheparticularcontext in whicha discoursewasproduced,andof course,shecannot
peekinto the minds of speaker and heareras they produceand processthe linguistic signs
sheis annotating.Althoughpsycholinguisticshasdevelopedsophisticatedexperimentalsetups
in order to addressthis problem,thesetime-intensive techniquesareusuallynot availableto
corpusannotators,whoneedto rely on theirown intuition aslanguageusersandon theirworld
knowledge. As a consequence,the categoriesto be annotatedshouldbe asindependentfrom
the communicationsituationaspossible.Recall that we aredealingwith observed language,
andthatwe want to find anddescribepatternsin theseobservations.Themorewe canreduce
thecommunicationsituationto afew parameters,andthemorecontext wecanexclude,theless
do we have to infer andto guess,andthemorecanwe reliably observe. For discourseentities,
somethingthat canbe readily observed is co-specification.If an annotatorcannotdetermine
co-specificationsequencescorrectly, it is likely thatshedoesnot understandthediscourse.In
our work on the BROWN-COSPEC-corpus,documentedin AppendixC, we encounteredthis
problema few timeswith argumentative scholarlytexts which differentiatede.g. betweenthe
“conceptof nationalism”and“nationalism”. Anotherproblemoccursin literary texts whenan
authordeliberatelyleavesthe identity of somepeopleor thingsunclearor whena protagonist
doesnotknow thattwo personsareidentical.To solve theseproblems,wewouldneedto index
co-specificationrelationswith thecontexts in which they hold (Wiebe1991).Still, correctco-
specificationrelationsareso fundamentalto building an adequatementalrepresentationof a
text, that we cansafelyexpectannotatorsthat know enoughaboutthe subjectmatterto mark
suchsequencesreliably.

2. The annotator canonly assignthe annotation categorieson the basisof her PET. This
trivial statementaccountsfor afew interestingobservations.For example,Teufel(1999)reports
thatalthoughherfirst annotationschemefor researcharticleswasstable,i.e. sheachievedahigh
degreeof agreementwith herselfwhenshelabelledthetextsagainafterfour weeks,thescheme
wasnot reliable: two otherannotatorswho werenot specialisedin discourseanalysisdid not
matchherannotationswell. Themoreanannotationschememakesuseof categoriesthatallow
for awide rangeof slightly differentinterpretations,thelessreliableit is boundto be.

In the context of discourseanalysis,Mann, MatthiessenandThompson(1992)note that
inter-annotatoragreementfor text annotationsbasedonRhetoricalStructureTheoryis low. It is
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interestingthatbothschemes,Teufel’soriginalschemeandRST, heavily operatewith categories
thatdescribehow readersinterpretapartof discourse,whatthey constructthatpartof discourse
to be. The following quotenicely illustratesthis with categoriesfrom a setdefinedin (Teufel
1998):

To giveanexample,wewerenotsureabouttheright annotationfor thefollowing sentence:
We then showhow different classesof pragmatic inferencescan be captured using this
formalism,andhowour algorithmcomputestheexpectedresultsfor a representativeclass
of pragmaticinferences.(S-29,9504017)
Is the sentenceto be countedas TOPIC, because“pragmatic inferences” are the TOPIC

of the paper?Or is it the casethat “capturingdifferent classesof pragmatic inferences”
is the PROBLEM /PURPOSE? Or shouldthis sentencebe classifiedas SOLUTION, as the
phrase“our algorithmcomputestheexpectedresults” couldbe interpretedasa high level
descriptionof theapproachused? (italics in theoriginal, Teufel1999,page108)

Is it badif annotatorscannotagreeon annotations?Not really. If theannotationstrategies
of theannotatorscanbeprovedto beconsistent,thentheannotationsreflectreasonablystable
categoriesof theannotators’PET. Hence,their annotationsactuallyprovide two kindsof data:
dataabouthow linguistic formscanbecategorised,anddataaboutinter-individualdifferences
in theboundariesof thesecategories.But stability is a necessarypreconditionfor this typeof
analysis.

I donotdeny thatreliableannotationschemesareveryvaluablefor linguisticresearch.Once
aschemehasprovedto bereliable,many annotatorscancollaboratein annotatinglargeamounts
of text, which canthenbecollectedinto a large,homogeneouscorpus.Reliability is alsocru-
cial if we wantto establish“gold standard”datasetsfor certaincomputationallinguistic tasks,
suchasWord SenseDisambiguation(Kilgarif f 1998),co-referenceannotation(Hirschmanand
Chinchor1997,Hirschman,Robinson,BurgerandVilain 1998),anddocumentsummarisation
(Teufel, CarlettaandMoens1999). But that shouldnot leadto cheappolemicagainstthose
researcherswho analysediscoursesin depth,trying to guessat themotivationsof speakersand
hearers.As Brown (1995)haspointedout, suchguessesare invariably colouredby the ana-
lyst’s PET(althoughshedid not usethis term). However, this neednot bedetrimental,aslong
asthe analystis acutelyawareandscrupulouslyhonestaboutthesenecessarylimitations. In
many sociolinguisticallyorientedstudiessuchas(Tannen1979,Selting1988),theresearchers
interview thepeoplewhowererecordedcarefullyin orderto checktheir intuitions.

2.3 Summary

Along with many scholarsfrom the humanities,andsomefrom the sciences,I assumethat it
is not possibleto developa comprehensive,mathematicallyrigorousformal modelof commu-
nication. But I alsoassumethat formal methodsarenecessaryfor describingthepatternsand
structuresthat canbe observed in communicationin a preciseandsuccinctway. Sincemost
of the resultsthat I will presentin the later chaptersof this thesisarequantitative, statistical
modelsandstatisticalanalysesof observed data,I needa perspective that shows very clearly
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the limits of suchacomputationalapproach,anapproachthathighlightswhatwe losewhenwe
startcountingandstopinterpreting.

This is why I took a somewhatunusualperspective in this chapter, theperspectiveof semi-
oticsandcommunicationtheory. Fromthepoint of view of Peirceansemiotics,it is perfectly
naturalto distinguishbetweena referent that links a sign (here: a referringexpression)to an
objectin theworld, anda discourseentity thatconnectsthatsign to othersignsin theprocess
of semiosis.In Peirceanterms,a discourseentity is nothingbut the interpretantof a referring
expression.This is an interestingsemiotictwist on theusualexplanationof discourseentities
asmentalrepresentationsof whatanaphoricexpressionscanreferbackto (Sidner1983).

From a communicative point of view, discourseentities are an “extra-communicative”
(Ungeheuer1970/1972b)formalisationof units in the flow of experiencesthat speakersand
hearershave in discourse.The boundariesof theseunitsarefuzzy, andthey areenmeshedin
a web of experienceswhich constituteseachperson’s personalexperiencetheory(PET).The
unitsaredynamic:eachtime they areusedin understandingdiscourse,thenetof experiences
of which they consistchangeseversoslightly.

Thestatusof adiscourseentity canbedefinedalongtwo dimensions:

the structure dimension, which stateswhich role anentity playsin thestretchof discourseit
occursin, and

the managementdimension, which providesinformationthatis neededwhenadiscourseen-
tity is initialised,accessed,andupdated.

Bothdimensionsoverlap:themorecentralanentity is in thediscourse,theeasierit is to access
that entity. And both dimensionscanbe labelledwith the term “givenness”:an entity which
is centralto thediscourseandwhich canbeaccessedwithout any problemsis “given” to both
speaker andhearer, andan entity which hasyet to be integratedinto the discoursemodel is
“new”. In Chapter3, I focuson the structuraldimension—Iwill relatethe conceptof entity
statusto othermodelsandconceptsthatareusedfor analysingdiscourse:discoursestructure,
topic, andrelevance.Thenext Chapter, 4, relatesthemanagementdimensionto previouscon-
ceptsin theliterature.
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In thischapter, wewill discoverwhatliesbehindthe“structuredimension”of entity statusthat
wasintroducedin Chapter2. Thestructuralstatusof a discourseentity covershow important
thatentity is for thediscourse—bothfor its contentandits structure.In thefirst section,3.1, I
describewhata theoryof structuralentity statusneedsto explicate.Thefollowing sectionsre-
lateprevioustheoreticalwork ondiscourseto structuralentitystatus.I begin in Section3.2with
the mostfundamentalnotion, coherence.Then,I move on to the key theoriesfor explicating
structuralentitystatus,theoriesof text anddiscoursestructure(Section3.3).Fromthewealthof
proposals,I selectthreethatareimportantin psycholinguisticsandcomputationallinguistics,
RhetoricalStructureTheory(Mannet al. 1992),GroszandSidner’s theory(GroszandSidner
1986),andvanDijk’ s theory(vanDijk 1980). For eachof thesetheories,I explain how struc-
turalentitystatuscouldbeexplicatedin its framework. Finally, I moveto aphenomenonthatis
intimatelyconnectedwith therole of a discourseentity in thediscourseit occursin: topicality
(Section3.4).Section3.5summarisesthemainconclusions.

3.1 What is Structural Entity Status?

Justas the conceptof entity statusitself, structuralentity statusis a convenientconceptual
shortcutfor awholebagof relatedinformation:

1. In whichdiscoursesegmentsdoestheentity occur?

2. How is theentity linkedto otherentitiesin thediscourse?

3. How closelyis theentity connectedto thespeaker’scommunicative intentions?

Therelationbetweenthesethreequestions,theoverarchingquestion,is simply: Whatroledoes
thediscourseentityplayin thediscoursewhereit is mentioned?Contraryto establishedpractice
in computationallinguistics,thesequestionsarenot phrasedin termsof mentalor algorithmic
representations.Instead,thequestionsreferto thediscourseitself andto thesituationin which
thatdiscoursewasproduced.Their wordingonly assumesthat thediscoursewe areanalyzing
canbedescribedat somearbitrarylevel of structure,andthatwe arelooking at an instanceof
communication.1 Let usnow considereachof thesequestionsin moredetail.

1Rememberthat,contra(Watzlawick, Beavin andJackson1967),andwith Ungeheuer, I do not think that it is
impossiblenot to communicate.For a resolutionof this triple negation,seeAppendixD.
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Position of the Entity: The simplestway to answerthis questionis to protocolwherethe
entity is mentionedin thetext, in otherwords,to establishco-specificationsequences.As I will
arguein Chapter5.4,this is in factthebestcorpus-basedoperationalisationof entity statusthat
wecanget,if wewantreliableresultsthatcanbeprocessedby statisticalmethodsof analysis.

Quite a few researchershave arguedthat the threadsthat co-specificationsequencesand
similar sequencesof substitutionsweave throughdiscoursearewhatkeepsdiscoursetogether.
A classicexampleis (Harweg 1979). Harweg went as far as claiming that the syntagmatic
relationshipsbetweenpronominalforms and the expressionsthat they substitutesufficiently
characteriseawell-formedtext. True,his interpretationof theterm“pronominalforms” is very
wide; he usedthe term to cover many kinds of anaphoricrelationships.But his approachcan
becriticisedfrom a morefundamentalpoint of view: Why shouldtext linguisticsdefinewell-
formedtexts structurally?More recently, Klein andvon Stutterheim(1992)have presentedan
approachto text structurethat is basedon referential movement. If coherenceis in the mind
of the reader, if it crucially dependson his abilities to make semanticand pragmaticsense
of the locutionaryand illocutionary actsthat arerealisedin a given text, ase.g. Brandtand
Rosengren(1992)or Nussbaumer(1991)argue,thentexts cannotbe definedpurely via their
structure.This referentialmovement,however, is conceivedof verybroadly. It coversnot only
relationsbetweenanaphorsandtheir sponsors,but also the movementthroughtemporaland
spatialcoordinatespaces.In thisapproach,anaphoricrelationshipsarestill central,but theterm
“anaphora”is givenaverybroadinterpretation.

Althoughreferringexpressionsthemselvesarenotascrucialasstructuralistproposalsmight
imply, they arestill populartoys for researchersin discourse,becausethey provide bothgood
examplesandgooddiagnosticsfor localandglobalcoherence.Thisattitudeis expressednicely
in thefollowing quotes:

Justaslinguisticdevicesaffectstructure,sothediscoursesegmentationaffectstheinterpre-
tationof linguistic expressionsin a discourse.Referringexpressionsprovide theprimary
exampleof thiseffect. (GroszandSidner1986,page178)

Eventually, understandingthestructuringof discourseshouldallow usto accountfor refer-
encephenomenain texts.

(Polanyi 1988)

Experimentsandtheorybothpoint to acloseconnectionbetweenreferringexpressionsand
discoursestructure.Theresultsof e.g.Marslen-Wilson,Levy andKomisarjevsky Tyler (1982)
or Vonk,HustinxandSimons(1992)demonstratethatspeakersandhearersregarddefinitede-
scriptionsas cuesto episodeboundarieswhen they occur insteadof pronouns. The mental
representationof narrativesis orientedtowardsthecentralcharactersthatoccurin thenarrative
(c.f. theoverview in SanfordandGarrod1994).But verifying thatconnectiononacorpusis an
oneroustask.Segmentingadiscourseinto its partsanddeterminingthehierarchicalstructureof
thesepartsis not trivial (PassonneauandLitman1993).Althoughthereareanumberof impor-
tantsurfacecuesotherthanreferringexpressions,suchasintonation(Thorsen1985,Hirschberg
andGrosz1992)or cuephrases(PassonneauandLitman1997),segmentationstill dependsto a
largedegreeon theinterpretationof theannotators.This is well documentedby studiessuchas
(Passonneau1998).
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Links to other entities: Suchlinks canbeestablishedon many levels. Themosttraditional
level is surelycollocationanalysis.But oncewehaveatheoryof thedomainthatourtextscome
from, we candefineschemataandscenarios,andon the basisof this knowledge,andwe can
predictwhich discourseentitieswill co-occurandwhich bridgeslistenerswill beableto build.
Suchlinks arevery importantfor themanagementof discourseentities,aswe will seelater in
Chapter4. Discourseentitiesthatareconnectedtightly to a person’s world knowledgeactivate
a webof relatedknowledgewhenthey getanchoredto thediscoursemodel.Themoreentities
from a commonsemanticfield or scenarioareevoked,themoreotherconceptsfrom thatfield
areactivated,andtheeasierit becomesfor thehearerto accomodatenew discourseentitiesfrom
thesametopicarea.

Connection to Communicative Intentions and “Gist”: Whenever linguistsdiscusswhata
discoursecanbesaidto beabout,they useoneor bothof thetermsthemeandtopic. Clearly,
whenwe wantto ascertainhow importantdiscourseentitiesarefor describingthegist of a dis-
course,we needto determinewhetherthey havebeentopical.Both termshavebeenfilled with
contentin a bewildering varietyof ways,andboth termshave tendedto be restrictedto noun
phrases.Given that discourseentitiescanbe not only thingsandpersons,but alsosituations,
actions,concepts,or evenwholescripts,thisform-basedfixationseemsalittle strange,although
it is practicalin a languagesuchasEnglish,wheremostdiscourseentitiesareindeedrealised
asNPs.In Section3.4,I will attemptto shedsomelight on theissue.

Outlook: In sum, a theory of structuralentity status,that is, a theory that explains which
role discourseentitiesplay in structuringand processingdiscourse,needsto integratethree
contentiousconcepts,thatof topic,thatof coherence,andthatof discoursestructure,in asingle
framework. As yet, I have not comeacrosssucha framework. Therefore,aspectsof structural
entity statuswill beconsideredfrom thepoint of view of severaldifferenttheorieshere,all of
whichhaveprovedto beusefulfor partsof the(computational)linguistic community.

In Section 3.2, I will survey critically the connection between coherenceand co-
specification.Theconclusionwill bethatsincecoherenceis constructedlargely in themindsof
speaker andhearer, it relieson a multitudeof cues,of which co-specificationis but one,albeit
animportantone.

Similarly, discoursestructureis to a largeextentnot observable. Despitethesedifficulties,
variousmodelsof it have beenproposed.In Section3.3, I will relatestructuralentity status
to threeof the most influential ones: van Dijk’ s (1980) theory, which hasgreatly influenced
psycholinguisticapproachesto discourse,GroszandSidner’s (1986)theory, which is thebasis
for CenteringTheory(Grosz,JoshiandWeinstein1995),RhetoricalStructureTheory(Mann
andThompson1988,Mannet al. 1992),which emergedfrom SystemicFunctionalGrammar
(Halliday1994).

Finally, themorecentralanentity is to thediscourse,themorejustified it is to saythat the
discourseis in somesense“about” that entity—whichleadsus straightto the time-honoured
messof a conceptthat linguistscall “topic”. Its relationto structuralentity statusis discussed
in Section3.4. We will seethat structuralentity statusprovidesan interestinglink between
sentence-level anddiscourse-level topics. The main resultsof this chapteraresummarisedin
Section3.5.
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3.2 Coherence

Every time a discourseentity is mentionedin a discourse,it shouldberealisedby anadequate
referringexpression;else,theresultingdiscoursewill be incoherent.This is a centraltenetof
many scholarswho work on the form of referringexpressionsin discourse.But is this role
thatcoherenceis supposedto play justified?Is coherencemorethanjust referentialcontinuity?
Whatis coherence,anyway?Is it just anemptyfolk-linguistic term(Reboul1997),or canit be
usefulin linguistic research?To me,thesequestionsaresoimportantthatthey warranta small
detourthroughlinguistic (Section3.2.1)andpsycholinguistic(Section3.2.2)theoriesof texture
andcoherence.An executivesummaryis givenin Section3.2.3.

3.2.1 Linguistic Approachesto Coherence

Almost all researchersagreethat coherenceis what makesan utteranceor a sequenceof ut-
terancesinto a text. Althoughgrammar, morphology, lexicon, andprosodyprovide meansfor
signallingcoherence,linguistsagreethatnonsensetextswhich show all necessarysurfacecues
to coherencesimply do not cohere—orif they do, they coherevery loosely. Therefore,coher-
encehasto do somethingwith the meaningof a text. But what coherenceexactly is remains
elusive. In scholars’theories,this conceptwieldsconsiderableinfluence,especiallyin theories
of anaphoricreference:justificationenoughto take a peekbehindtheveil of that fundamental
yet fuzzyconcept.

Someresearchersappearto make coherencethemaincriterionfor textuality (Halliday and
Hasan1976,Schade,Langer, RutzandSichelschmidt1991). But sucha perspective obscures
more than it illuminates. No definition of textuality shows this more clearly than the seven
criteriapositedby de BeaugrandeandDressler(1981):

cohesion: The surfaceelementsof a text shouldbe connectedby linguistic means,suchas
anaphora,sentenceconnectives,andsoon.

coherence: The conceptsandrelationsbetweenconceptsthat occur in a text shouldbe con-
nectedto eachotherandthey shouldberelevantfor eachother’s interpretation.

intentionality: A text shouldbe producedby the communicatorwith a certainintention in
mind.

acceptability: A text shouldberelevant to theaddressee.If theaddresseecannotprocessthe
text adequately, thenthattext is notacceptable.

informativity: A text is supposedto beinformative. DeBeaugrandeandDressler’sconceptof
informativity relieson probabilitiesandclassicalinformationtheory(CoverandThomas
1991): themoreinformative, the lessknown or expected,the lesslikely to occurin the
presentcontext.

situationality: A text shouldberelevantto thesituationit occursin. For example,traffic sign
messagesneedto behighly elliptical, lackingcohesion,but sincethis is completelyade-
quategiventhat they needto beprocessedquickly, they canstill be readastexts. If the
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communicatorusesthetext to makeaspectsof theparticipants’modelof thecommunica-
tion situationexplicit, sheis monitoringthesituation,if sheusesit to changethesituation
in acertainway, sheis managing it.

intertextuality: A text is interpretedrelative to other texts. This resultsin clustersof texts
whichadhereto similar textualconventions,text types. Theseconventionsmanifestthem-
selvesin normsandexpectationsabouthow to produceandprocesstexts.

Although that catalogueof seven criteria canbe criticisedon several counts(Heinemann
and Viehweger 1991,Brinker 1997), it makes an extremely useful point: that an addressee
hasmanagedto find connectionsbetweenthe meaningof the sentencesof a text, that he has
managedto discovercoherencerelationsthatconnectpartsof thetext to others,doesnot imply
thathehassuccessfullyunderstoodthattext. Take for exampletheutterance

(3.1) Thewindow is open.

(3.2) It is freezingoutside,

(3.3) andthecoldbeginsto seepinto this room.

The text is perfectlycoherent.Thesentenceformedby (3.2) and(3.3) specifiestheeffect
of (3.1),and(3.2)givesthereasonfor (3.3). But if theaddresseeof thatwell-formed,coherent
discourseis sitting smuglyin his armchairin front of theblazingfire, while thecommunicator
standsby thewindow shivering,heobviously hasnot understoodthemessageat all. Another
goodexamplewherepragmaticconventionsallow us to establishcoherenceis the following
roadsignexamplefrom (de BeaugrandeandDressler1981,page9, example1):

(3.4) Slow
Children
At Play

For Halliday andHasan(1976),coherenceis the main criterion of textuality. That a text
coheresis signalledlinguistically by variousmeans. Halliday and Hasan(1976) call those
meanscohesivewhich connectpartsof the text to eachother: reference,which subsumesour
co-specification,substitution,ellipsis,conjunction,andlexical cohesion,which includesrepe-
titions andcollocations.More generally, cohesionis a relationbetweentwo passagesof text
A, B, whereA is necessaryfor the interpretationof B. In thetext itself, cohesionis a process,
becausethecohesiverelationsin a text areinterpretedwhile theaddresseeinterpretsthetext.

SinceHalliday andHasanaim to explore languagein use,they cannotdefinecoherence
solelyin termsof theco-text, they alsoneedto takeintoaccountthecontext in whichadiscourse
is producedandprocessed.

The conceptof COHESION canthereforebe usefully supplementedby that of REGISTER,
sincethe two togethereffectively definea TEXT: A text is a passageof discoursewhich
is coherentin thesetwo regards: it is coherentwith respectto the context of situation,
andthereforeconsistentin register;andit is coherentwith respectto itself, andtherefore
cohesive. Neitherof thesetwo conditionsis sufficient without theother, nor doestheone
by necessityentailtheother.

(HallidayandHasan1976,page23;emphasisin theoriginal)
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A register is a setof linguistic featureswhich tendsto be usedin certaincommunication
situations.Thesesituationsarenot only characterisedby the participants,thesocialrelations
betweenthe participants,the intention that the communicatorpursueswith the text and the
eventsin which theproductionof thetext is embedded,but alsoby thecontext of culture (Firth
1950,Malinowski 1923). It is interestingthat mostscholarswho quoteHalliday andHasan
on coherencedo not evenmentionregister(andthencriticise themfor failing to explain why
cohesive nonsensetexts fail to cohere).But it is easyto understandwhy. Registerhasa quite
specificmeaninghere. The term is definedusing threebasic,complex notionsof systemic
functional theory, field, mode,and tenor. The definition of theseconceptsis in turn rather
abstractandmetaphorical,which is not unusualin systemic-functionallinguistics. No wonder
Halliday is difficult to understandwithout somegroundingin systemic-functionallinguistics
andits philosophy. The main problemwith the approachasoutlinedin (Halliday andHasan
1976)is thefocuson local coherencephenomena.But thenagain,many systemicfunctionalists
areworking on text structure,andat leastonemajor theoryof discoursestructure,Rhetorical
StructureTheory (RST, Mann et al. 1992) is rootedin SFL. Thus, if we put the work of
HallidayandHasanin its context, thecriticism is againgroundless.

In thesystemic-functionalapproach,co-specificationis partof oneof fivefactorscontribut-
ing to cohesion,andcohesionis oneof the two aspectsof coherence.AlthoughHalliday and
Hasandiffer from deBeaugrandeandDresslerin that they definecoherenceastheir maincri-
terion for textuality, a closercomparisonof thecriteria of both shows that the two definitions
actuallyoverlapto a large degree. Intentionality, informativity, intertextuality, situationality,
andacceptabilityaretakencareof by register. Thecohesionof Halliday andHasansubsumes
cohesion,and,to a certaindegree,the coherenceof de BeaugrandeandDressler—if the con-
ceptsthata text evokescannotbe relatedin any way, it is not possibleto relatesomepartsof
thetext to otherssemantically.

Thediscussionof both(de BeaugrandeandDressler1981)and(HallidayandHasan1976)
pointsto theconclusionthatcoherenceis reallyapragmaticnotion:A text is coherentif thead-
dresseecanconstructa connectionbetweenits parts,andtheeasierthatconnectionis to build,
the morecoherenta text is. Fritz (1982)pursuesthis ideaonestepfurther. He views coher-
encerelationsasconnectionsbetweenverbalactions(“sprachlicheHandlungen”).In orderto
establishtheseconnections,we needlinguistic cues,anunderstandingof themeaningof these
sentences,andknowledgeof socialconventionsthatgovernsequencesof verbalactions.Essen-
tially, this view of coherencedoesnot differ greatlyfrom (Halliday andHasan1976),but there
aretwo importantdistinctions:Firstly, Fritz doesnotneedtheapparatusof systemic-functional
grammarto statehis conclusions,andsecondly, his reformulationin termsof verbalactions
shiftsthemainattentionfrom theanalysisof written text to theanalysisof spokenlanguage.It
alsoprovidesamoreconvenientinterfaceto sociolinguistics.

Hobbs(1979)describescoherencefrom the perspective of planningandgoals. This per-
spective is very valuablefor discoursegeneration,sinceit helpsdescribewhy thecommunica-
tor chosewhichcoherencerelationsbetweentext passages.Hobbsdistinguishesthreelevelsof
planning:thedeepestlevel, wheregoalsfor communicationaresetanddividedinto subgoals,
the level of coherence,wherethecommunicatorstructureshermessageso that it will achieve
thedesiredeffects,andthesentencelevel, wherethecommunicatorfinally verbaliseswhatshe
intendsto say. This last level alsoincludes“the appropriatedescriptionsof entitiesandevents”
(Hobbs1979,page88). In this framework, entity statuswould becomputedon thecoherence
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level, so that it is availableto thesentence-level algorithmfor generatingreferringexpression.
What is so interestingaboutHobbs’approachis not this three-layerscheme,however, but the
strongrole thatplanning,andwith planning,intentionality, playsin determiningcoherence.

3.2.2 PsycholinguisticPerspectiveson Coherence

Hobbs’ accountfocuseson producingcoherentdiscourse.Most of psycholinguistics,on the
otherhand,hasconcentratedonhow coherentdiscourseis processed(Schadeet al. 1991).The
basicheuristichereis: themoredifficult atext is to processfor anaddressee,themoreproblems
hehasin establishingconnectionsbetweenthetext’sparts,andthelesscoherentthetext.

Whatthebasisfor theseconnectionsmightbeis notquiteclear(Harley 1995,Schadeet al.
1991).Two approachesappearto beratherpopular, MentalModels(Johnson-Laird1983)and
theConstruction-Integrationmodelof Kintsch(1988).In theMentalModelsapproach,thead-
dresseecontinouslyupdatesa discoursemodelasnew linguistic signscomein. This discourse
model is a dynamicrepresentationof the entitiesand eventsthat are mentionedin the text.
On thebasisof their previousknowledgeabouttheseentitiesandevents,addresseescaninfer
informationwhich is not explicitly presentin the text. Cognitively, both explicit andinferred
informationis closelyintegrated,so thataftera while, addresseeshave troubledistinguishing
betweeninferencesthey havedrawn andwhatthey haveactuallyreadin atext (Hörmann1979).
This shows just how firmly addresseescanintegratetheir interpretationof a text into their sys-
temof experiences,theirpersonalexperiencetheory, asUngeheuerwouldcall it (c.f. Appendix
D). Thereare two waysof dealingwith incoherence:Either a new discoursemodel is con-
structed,or theinformationis merelyrepresentedpropositionally, without integratingit into the
model.

In theapproachof vanDijk andKintsch (1983)(seealsovanDijk 1980,Kintsch andvan
Dijk 1978),which wasthe basisfor themorerecentConstruction/Integrationmodel(Kintsch
1988),propositionsarenot integratedinto modelswhosestructurerepresentthatof real-world
events.Instead,KintschandvanDijk posita far moreabstractstructure,which wasdeveloped
by van Dijk (1972)for the analysisof texts in termsof a generative grammar. This structure
consistsof four levels of representation.Atomic propositionspopulatethe first level. These
are in turn hierarchicallyembeddedinto complex propositions,which form the secondlevel.
Thesecomplex propositionsarelinked on the level of local coherencein a graph. Taken to-
gether, all propositionsthatarecontainedin a text form thetext-base. Thepropositionsthatare
explicitly statedin thetext arethe implicit partof that text base.They arecompletedby addi-
tional propositionsinferredfrom world knowledgeto form thefinal explicit text base(explicit
= explicated).

On thethird level, the level of macrostructure, all propositionsof a text areintegratedinto
a coherentwhole. Macrostructuresrepresenthow themeaningof a completetext is structured.
Indeed,for vanDijk (1980,Section2.3.1),textsaredefinedasonly thosesequencesof sentences
thathave a macrostructure.Macrostructuresneednot be restrictedto thesemanticlevel; (van
Dijk 1980,Section3.4.12)explicitly extendstheconceptto structuredsequencesof speechacts.
On thefourthandfinal level, wehavesuperstructures. While (semantic)macrostructuresserve
to describewhata text is about,superstructuresdescribehow thattext is organised.In thisway,
they representthehighestlevel on whichcoherencecanbeestablished.
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Thecurrentversionof theConstruction-Integrationmodelimplementsa connectionistap-
proachto coherence.Kintsch(1988)assumesthatknowledgeis notorganisedvia fixedschemas
or scripts,but asaconnectionistnetwork. Theunitsof thatnetwork correspondto storedpropo-
sitions.Incomingdiscourseis analyzedasfollows:

1. representthetext by propositions.This translationis mandatory.

2. elaborateon thepropositions.For eachof thepropositions,it is checkedfor which nodes
from thegeneralknowledgenetit servesasa retrieval cue.Thisprocessis undirected.

3. generateadditionalinferences.In thisstep,macropropositionsareretrievedthatform part
of themacrostructuresof theoriginalmodel;this is alsowherebridgingis saidto occur.

4. assignconnectionweightsto thenew connectionsfrom thenew propositionunits to the
text base.

This is theconstructionphase.In theintegrationphase,thesenew unitsarethenintegratedinto
theknowledgenetwork by repeatedcyclesof spreadingactivationandrenormalisationalongthe
connectionsin thenet. If thenetdoesnot manageto stabilise,we go backto theconstruction
phaseandinsertadditionalpropositions.

Both Construction-IntegrationtheoryandMental Modelsprovide us with a view of both
localandglobalcoherence.Whena text is locally coherent,theaddresseecanintegrateincom-
ing linguistic signsmorequickly into the analogicaldiscoursemodel / complex hierarchical
structurethat he usesto processthe currentdiscourse.While the Mental Model approachis
computationoriented,giving a proceduralaccountof how meaningis constructed,the struc-
tural approachprovidesan interestingbridgebetweensemioticandliterary theoriesof text on
theonehand,andpsycholinguistictheoriesof processingon theother.

Both approachesemphasisethat somethinglike referentialcontinuity is crucial for coher-
ence. In the original (Kintsch andvan Dijk 1978)paperthat is the earliestcommonlycited
referenceon theConstruction-Integrationmodel,referentialcoherencemeansthatoneandthe
sameargumentrepeatedlyappearsin the propositionsthat areconstructedduring processing.
Although they make it very clearthat referentialcoherenceis not the only way to establisha
coherenttext, it is themostimportantof thecriteriathey define.In thatpaper, they defineref-
erentialcoherenceasmereargumentoverlap:two propositionscohereif they shareat leastone
argument.For Johnson-Laird(1983,page250),referringexpressionsareoneof thethreekinds
of input for proceduresthatoperateon mentaldiscoursemodels,theothertwo are“the context
asrepresentedin thecurrentmentalmodel,andthebackgroundknowledgethatis triggeredby
thesentence.”

Schadeet al. (1991)have gonea stepfurtherandproposeda system-theoreticaccountof
coherence.Both communicatorandaddresseebelongto onelarge communicatingsystem.If
a text is to becoherent,bothsubsystems,thatof thecommunicatorandthatof theaddressee,
mustbe in a stablestate.Thestateof all subsystemsinvolved in communicationchangesdy-
namicallyasa discourseis processedby theaddresseeandproducedby thecommunicator. A
text is saidto be coherentif andonly if it doesnot causeany of the subsystemsthatproduce
or processit to enteran instable,incoherentstate.Coherenceasa propertyof texts is termed
“Objektkohärenz”(objectcoherence),coherenceasapropertyof text receptionandproduction
is termed“Prozeßkohärenz”(processcoherence).Applicationsof this conceptcanbefoundin
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(Rickheit1991).Themainadvantageof this view is that it relatescoherencebothto how texts
areproducedandto how texts areinterpreted.The basicassumptionbehindthis approachto
coherenceis thathumancommunicationcanbemodelledusingtheapparatusof mathematical
systemstheoryandnon-lineardynamics. In principle, thereis nothingwrong with that; the
approachhasproved to be very usefulin understanding—andin showing the limits of under-
standing— large-scalecomplex systems.However, I seebothamathematicalandaconceptual
problemhere.Themathematicalproblemcomesinto playwhenthevariablesthatenterinto the
modelcannotbedefinedin termsof realnumbersany more.Therelationbetweendiscretecat-
egoriesandcontinuousvariablesin non-lineardynamicsdoesnotappearto bewell-understood
(Leopold1998).TheconceptualproblemI seeis thatthecommunicationsystemis reducedto
thatof thecommunicatorandthatof theaddressee.As far asI cansee,thesocialsystemsof
whichbotharepartcanonly enterinto thecurrentmodelin theform of parametersettings.Al-
thoughthesystemtheoreticalapproachcanbeextendedto socialsystems,aswell, theresulting
setsof equationswould bemonstruouslycomplex. Therefore,evenif we do manageto derive
a setof mathematicalequationsfor describingtheprocessesof coherence,solvingthemmight
still besodifficult thatweneedto resortto simulationsandshortcuts.

3.2.3 Summary

For thepurposesof thisthesis,I will thereforenotadoptasystems-theoreticperspective.Rather,
I will returnto themodelof communicationdescribedin AppendixD. If weacceptthatcommu-
nicationis anaction,thenthebestwayto describehow adiscoursecoheresis via theintentions
of speakerandhearer. Thishigh-level pragmaticapproach,reminiscentof thesolutionof (Fritz
1982)

� coverscoherencein written aswell as in spoken language,as the speechact theoretic
analysesof vanDijk (1980)andtheresultsof Fritz (1982)show

� takesboththecommunicator’sandtheaddressee’sperspectiveinto account.Thecommu-
nicatorstructuresthesequenceof signsthatshewill produceaccordingto theintentions
shepursuesin communication,and the addresseeinterpretsthe signsthat the commu-
nicatorhasproducedon the basisof the working hypothesisthat all signscontribute in
someway or anotherto the intentionbehindthe communicator’s action,andthat these
signscanthereforeberelatedto oneanotherin someway.

� emphasisesthatcoherenceis aprocess.This is implicit in ourdynamicmodelof commu-
nication.Eachproductionandeachinterpretationof asignis highly individual,adynamic
processthat cannever be repeatedexactly, becauseit changesthe individual systemof
experiencesof eachparticipantin subtleyet indelibleways.

To sumup, we have seenthat classicaltext linguistic approachesto coherenceandcohesion
shows thatcoherenceis itself multi-faceted,andthatco-specificationsequencesareoneof the
meansof establishingcohesion,surfaceindicatorsof coherence.Psycholinguisticresearchhas
shown that althoughco-specificationis one cue to coherenceamongmany, it is often very
importantfor easeof processing.Correctlyspecifieddiscourseentitieswhich communicators
keepcomingbackto duringadiscoursegreatlyhelpaddresseesto stringmoreor lessdisparate
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setsof utterancestogether. A moredetailedlook at how coherenceis establishedshows that
muchdependson the communicationsituationandon the systemof experiencesof speakers
andhearers.Structuralentity statusis thusa matterof how centralspeakersandhearersjudge
an entity to be, anda matterof the intentionswith which they produceandprocesslanguage.
Entity statusclearlycontributesto cohesionbecauseit influenceshow expressionsthatspecify
adiscourseentityarecodedlinguistically. But it is not theuniversalkey to coherence.Now that
wehaveclarifiedthis point, let usreturnto structuralentity statusproper:how canwedescribe
therole thatagivendiscourseentity playsin adiscourse?

3.3 DiscourseStructur e

In thissection,wewill examinetherelationbetweenentitystatusanddiscoursestructure.I have
claimedin Chapter2 thatentitystatusdescribesin atheory-independentwaywhattheoriesneed
to explicate.Thefollowing pagessubstantiatethatclaim: For threemajortheoriesof discourse
structure,the theory of (van Dijk 1980) (Section3.3.1), RhetoricalStructureTheory (Mann
et al. 1992)(Section3.3.2),andthetheoryof (GroszandSidner1986)(Section3.3.3),I show
how to definestructuralentity statusin termsof thattheory.2

3.3.1 Van Dijk: Micr o-, Macro-, Superstructure

We have alreadyencounteredvanDijk’ s theoryin section3.2.2whenwe discussedtheway it
modelledcoherence.It appearsout of dateto discusssucha venerabletheoryhere,especially
sincemoderncomputationallinguisticslargely ignoresit. But modernpsycholinguisticsdoes
not: In its 1983applicationto discoursecomprehension,(vanDijk andKintsch1983),it is one
of theundisputedclassicsof thefield, and,judgingfrom morerecentwork by WalterKintsch
(1988,1993,1994,1995),still verymuchalive.

In thestructuralframework of vanDijk, discourseentitiescanbeconceivedof asarguments
of propositions,both atomicandcomplex. This explainsthe large ontologicalvariety of dis-
courseentities: the argumentsof complex propositionscanbe propositionsthemselves,and
they can—inprinciple—bearbitrarily complex. To definestructuralentity statusin termsof
vanDijk’ s theoryis straightforward. Let megive the definition guidedby thequestionsfrom
Section3.1:

1. In which discoursesegmentsdoestheentityoccur?
Theentity is realised,eitherimplicitly or explicitly, every time it occursastheargument
of a proposition. If we assigneachpropositiona uniqueidentifier, this propertywould
reduceto thelist of theidentifiersof all propositionsthattheentityoccurredin. Whenwe
want to determinehow thesegmentsin which theentity occursarelinked,we just need

2Sincetherearemany competingapproachesto discoursestructure,it wouldbebeyondthescopeof this thesis
to compareandevaluatethemall. If I wereto formalisestructuralentity statusin termsof dynamicsemantics,I
would needto considerothermodels,suchasthe QuestionsunderDiscussionof (Ginzburg 1996)for dialogue,
the rhetoricalrelationsbetweendiscourserepresentationstructuresof (Asher1993),or the tree-basedLinguistic
DiscourseModelof Polanyi (1988).
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to determinetheplaceof thepropositionsin which theentity occursin themacro-andin
thesuperstructure.

2. How is theentitylinkedto otherentitiesin thediscourse?
Entitiesarelinkedby thepropositionsthey haveoccurredin together. Thiscanbetracked
by listswhich statefor eachentity e� thathasco-occurredwith anentity e� how oftenthe
two have beenargumentsof thesameproposition.If oneassumesthat theargumentsof
thepropositionsaresorted,onecouldalsoaddinformationabouttherespectivesortof e�
ande� .

3. How closely is the entity connectedto the speaker’s communicativeintentions? Is it
part of the gist of the discourse, of what the discourseis all about? Sincethe theory
doesnot explicitly model speaker intentions,except in pragmaticmacrostructures,the
first questionis difficult to answer. The second,in contrast,is easy:sincethesemantic
macrostructurerepresentsthegist of thetext, a discourseentity is partof thegist if f it is
partof thatmacrostructure.

In practice,this analysisis not aseasyasit seems.Although methodsfor text analysishave
beendevelopedthat rely on Kintsch/vanDijk-style propositions(Früh 1998),analysinga text
into its constituentpropositionsanddeterminingthe appropriatemacro-andsuperstructureis
anarduoustask.

3.3.2 Rhetorical Structure Theory

RSTmodelstext structureby coherencerelationsbetweenpartsof a text. Thesepartsarecalled
text spans. After theanalysis,thecompletewebof relationsshouldprovide a functionalview
of thehierarchicalorganisationof thetext. Thestructureshouldcoverall clausesof thetext. At
its top, thereshouldbeonemainrelationthatcoversthecompletetext. A detailedexamplefor
aRSTanalysisis providedin (Mannet al. 1992).

Rhetoricalrelationsaredescribedby schemata.Theseschematalist thetext spansthatare
connectedby the relationandthe way in which they arerelated. All schemataarefunction-
oriented,they describe“the work they [= text spans,M.W.] do in achieving thegoalsfor which
the text waswritten” (Mann andThompson1987,page82). In otherwords,RST intendsto
describehow a writer hasstructuredher text in orderto achieve a communicative goal, how
theinformationin a text is organised.Rhetoricsandargumentationtheorypursuesimilar aims
(Ungeheuer1974/1987b,Toulmin 1958),hencethe termsrhetorical relationsandRhetorical
StructureTheory. Typically, a schemainvolvestwo text spans:a nucleusanda satellite. A
readerneedsthe nucleusin order to determinewhy the satelliteoccursin the text, but not
the otherway around. Othertypesof schemata,which may also involve multiple nuclei, are
discussedin (MannandThompson1988,Mannet al. 1992). A sampleanalysisis presented
in Figure3.1, taken from (MoserandMoore1996,Figure3). For a moreformal definitionof
theunderlyingrelations,see(Mannet al. 1992). Whatthesmallestunit of analysisshouldbe
dependslargely on theanalyst.

Fox (1987)investigatedhow rhetoricalstructureinfluencespronominalisation,concentrat-
ing on singularthird-personreferencesto persons.Shefoundthatseveralconspicuouspatterns
in herdata,which consistsof bothmulti-partyconversationsandwritten expositoryprose,can
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Discourse:(a)Comehomeby fiveo’clock.(b)Thenwecango to thestorebeforeit closes

Figure 3.1. Two RST Analysesof the SameDiscourse. Source: (Moser and Moore 1996,
Figure3)

bestbeexplainedin termsof discoursestructure.Incidentally, sheusedthefine-grainedRST
analysisonly for written language;for speech,sheappliedconversationanalysis,becausethis
methodis moresuitablefor the analysisof dialogues.3 As of (Mann et al. 1992),the appli-
cationof RST, which hasbeendevelopedmainly on shortwritten texts, to dialogueis still an
openresearchproblem. AlthoughFox’ versionof RST is basedon anearlierversionof RST,
her resultssubstantiallystill hold. Fox consistentlyusespropositionsasunitsof analysis.For
writtenexpositoryprose,shefound:

A pronouncanbeusedto referto apersonif thereis apreviousmentionof thatpersonin a
propositionthatis active or controlling;otherwisea full NP is used.

(Fox 1987,page139)

An activepropositionis apropositionwhosepartnerin a rhetoricalrelationis currentlybe-
ing processed.This merelymeansthat the antecedentof the pronounoccursin the previous
proposition,a resultwhich confirmsdistance-basedheuristicssuchasthat of (Givón 1983a).
Propositionsarecontrolling aslong astheir partnerin a rhetoricalstructureis active. In partic-
ular, this meansthat thepropositionwhich containstheantecedentnot necessarilyneedsto be
adjacentto thepropositionthatcontainstheanaphoricpronoun.A specialcaseof controlling
propositionsarecreatedby returnpops. Returnpopscloseoff anembeddeddiscoursesegment
andreturnto a higher-level segment.Fox foundthatin writtenprose,pronounswereonly used
in returnpopsif theembeddedsegmentwaseithervery smallor if theentity that thepronoun
specifieswasmentionedin theembeddedsegment,aswell. A purelydistance-basedtheoryof
pronominalisationcanonly accountfor thesecondcase,but not for thefirst.

Fox’ resultsshow whichaspectsof rhetoricalrelationsshouldgo into adescriptionof struc-
tural entity status.As in the StructureTheoryof (van Dijk andKintsch 1983),the structural
statusof an entity dependson the role of the propositionsit occursin. On this basis,we can
now explicatestructuralentity statusin termsof RST:

1. In which discoursesegmentsdoestheentityoccur?
Locatethepropositionswheretheentity occursin thetreeformedby therhetoricalrela-
tions.Thesegmentsin which theentity occursareconnectedby rhetoricalrelations.

3How RSTcanbeextendedto speech,in particulardialogues,is still anopenquestion.



34 3 TheDimensionof Structure

2. How is theentitylinkedto otherentitiesin thediscourse?
Explicit links areonly specifiedbetweenpropositions.Without amoredetailedmodelof
theroleof entitiesin propositions,suchasconceptualstructure(Jackendoff 1992),all we
canstateis which entitiesco-occurwith which, both within a propositionandwithin a
rhetoricalrelation.

3. Howcloselyis theentityconnectedto thespeaker’scommunicativeintentions?
Modelling the intentions of a speaker is a problem for RST (Moore and Pollack
1993,MoserandMoore1996).RSTrelationscancorrespondto both informationaland
intentionalfunctions.For example,theMOTIVATION relationin Figure3.1 is intentional:
thecommunicatorwantsto motivatetheaddresseeto do something.On theotherhand,
sentence(a) is aconditionfor (b) to happen.Therelationis clearlyinformational.Moore
andPollack(1993)arguethat informationalandintentionalrelationsshouldnot becon-
flated on the samelevel of structuraldescription.4 As a potentialremedy, Moser and
Moore(1996)suggestthattheintentionalstructureof GroszandSidner(1986),discussed
below, shouldbe usedfor representingthe intentionallevel, while RST shouldbe con-
finedto theinformationalone.
Is it part of thegist of thediscourse, of whatthediscourseis all about?
Thisquestionis easyto answer. Wejustneedto determinehow thepropositionsin which
theentity occursarerelatedto thehighest-level rhetoricalrelationsin thetext. The idea
is that the rhetoricalrelationswhich connectthe largesttext spansprovide a brief sum-
mary of themain aim andcontentof the text. Marcu (1999)proposesa summarisation
algorithmthatexploits thenucleus-satelliterelationshipsof RST.

Recently, CristeaandIde (Cristea,Ide andRomary1998,Ide andCristea2000,Cristea,Ide,
Marcu andTablan2000)have proposeda new theoryfor deriving co-specificationsequences
from text, Veins Theory. The idea behindthis theory is to restrict the searchspacefor the
antecedentsof anaphoricexpressions,be they pronounsor full NPs,on thebasisof discourse
structure,moreprecisely, RST. Thedomainwhich containsall permittedantecedentsis called
the domainof accessibility. This domainis describedby veins. A formal definition of this
notionis givenin (Cristeaet al. 1998). Informally, discourseentitiesthatwerementionedin a
nucleusremainaccessibleuntil thatnucleusbecomespartof a unit thatfunctionsasa satellite.
Theintuition behindthis,alreadyexploitedby Marcu(1999),is thattheinformationin nuclear
unitsis morecentralthanthatin satellites.Nuclearunitsalsohaveaccessto their left siblings.In
themodelof (GroszandSidner1986),on thecontrary, siblingdiscoursesegmentshavedistinct
focusspaceswhich arenot visible to eachother. Therefore,ananaphoraresolutionalgorithm
thatonly looksfor antecedentsin availablefocusspaceswouldbeata losswhentheantecedent
of an anaphoris in sucha sibling. VeinsTheoryallows to overcomethat restriction(Ide and
Cristea2000).VeinsTheoryis essentiallya formalisationof whatI havecalledstructuralentity
statusin RSTterms;it exploits theconstraintsthatRSTplaceson discoursestructure(orderof
siblingsin tree,distinctionbetweennucleiandsatellites)asfar aspossible.However, I doubt
whetherit is alsoanadequatemodelof how discourseentitiesaremanaged; for thatpurpose,

4Incidentally, becausemostRSTrelationsareinformationalandnot intentional,it hasbeensuggestedby sys-
temic funcionaliststhat the theory be renamedlogical structuretheory (Hasanand Fries 1995a). In systemic
functionaltheory, thelevel of semanticsthatinformationalrelationsaredefinedon is calledthe logical level.



3.3DiscourseStructure 35

cachemechanismssuchasthoseproposedby Walker (2000)mayalsobe necessary. Another
problemwith VeinsTheoryis thatsinceRSTallows multiple analysesof thesamediscourse,
any implementationof thetheoryneedsadditionalwell-formednessconstraintsonthediscourse
treesproduced(Marcu1997).

Summary and Evaluation: In spiteof its analyticalpower andextensive empiricaltesting,
RSTis by no meansa perfectanalysistool. Two problemshave alreadybeenmentionedin the
precedingparagraphs:its limited applicability to dialogue,andtheconflationof informational
and intentionalstructure. But thereare two even more fundamentalproblemswith the rela-
tionsandtheir definitions:Firstly, thenamesfor the rhetoricalrelationsaresometimeshighly
metaphorical,asthefollowing quoteshows:

Theelaborationrelationis particularlyversatile.An informalcharacterisationis:
Elaboration:asatellitetext spansupplementsthenucleartext spanwith oneof thefollowing
kindsof detail:

1. set: member

2. abstraction: instance

3. whole: part

4. process: step

5. object: attribute

6. generalisation: specific

(MannandThompson1987,page86)

No wonderthat many researchersfeel the needfor morespecificrelationswith morere-
stricteddefinitions. Due to a tendency to tailor rhetoricalrelationsto theneedsof thesystem
wherethey areused(mostly for text generation),thenumberof RST-typerelationhadalready
grown to more than 400 in 1993 (Maier andHovy 1993). Mann andThompsonrepeatedly
stressthatthefundamentalsetof relationsis small(MannandThompson(1987)count25basic
schemes),they statethatthenumberof relationsis in principleopen-ended,andthattheirdefini-
tionsareculture-specific.Sanders,SpoorenandNoordman(1992)arguethatthis proliferation
of coherencerelationsis psychologicallyunrealistic.They proposeto modelthesetof relations
thatpeoplerecognisein textsby a limited numberof features.Knott andSanders(1998)found
thattherelationsuncoveredby this methodologylargelyoverlapwith relationsthatwerefound
by a rigorouscorpusanalysisof connectives(Knott 1996).

Thesecondmainproblemis thatseveralrhethoricalrelationscanapply to a stretchof text
dependingon how theannotatorinterpretsit (Marcu1997). Thus,it is perfectlypossiblethat
oneannotatoranalyzesthediscoursein Figure3.1usingMOTIVATION, andanotherusingCON-
DITION, aslongasbothannotatorsfeel thatthelabelis bestsuitedto their readingof thetext.

To sumup,althoughFox (1987)hasshown thatpatternsof rhetoricalrelationscanexplain
somepronominalisationpatternsquitewell, thereareenoughproblemswith RSTasit standsto
castdoubtson whetherRST is indeedanadequateapproachto analyzingcoherencerelations.
Moreover, asFox’ resultsonconversationshow, thefine level of detailthatRSToffersmaynot
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alwaysbe necessary. Sometimes,it is sufficient to have an ideaof wherediscoursesegments
begin andend,andhow they arenested.We will discover a theorythat is mainly concerned
with therelationsbetweendiscoursesegmentsin thefollowing section.

3.3.3 Grosz& Sidner: Attention and Intention

GroszandSidner(1986)proposea theoryof discoursestructurewith threelevels: linguistic
structure,intentionalstructure,andattentionalstate.Their startingquestionis: whatmakesa
discoursehangtogether?In their paper, they integrateGrosz’work on task-orienteddialogues
with Sidner’swork on focusingto yield a theorythatis intendedto coverawide rangeof types
of discourse.With regardto coverage,GroszandSidneraremoreambitiousthanRST, which
startedsmallwith shorteditedtexts(MannandThompson1987),but whenit comesto defining
structuresandrelationsbetweenthem,their framework is muchmoresparse.

The linguistic structureis the basis. It consistsof utterances,which in turn arestructured
into discoursesegments.GroszandSidner(1986)assumethatdiscoursesegmentscanbede-
terminedreliably: subjectsthatsegmentthesamediscoursewill placetheboundariesbetween
roughly the sameutterance.PassonneauandLitman (1993) confirm that intuition, although
roughis indeedthecorrecttermfor thelevel of agreementthatthey found.Many boundariesin
theirdatawereonly markedby oneor two subjects,but therewerealsoanumberof boundaries
on which mostsubjectsagreed.Overall, the level of agreementon a boundarytendedto be
eithervery high (mostof the subjectshaddetectedit), or very low (only oneor two subjects
saw a boundarythere). This shows that someboundariesandhencesomesegmentsaremore
easyto recognisethanothers.

But whatmakesastringof utterancescoherent?GroszandSidner’s answeris: Becausethe
communicatorpursuesa — preferablysingle—intentionwith that segment. They argue that
only intentionsprovide a sufficiently rich basisfor explainingwhy a discourseis structuredas
it is. It is not possibleto describediscoursewith a fixed numberof semanticrelations.Each
discoursesegment(DS) is characterisedby onemainintention,thediscoursesegmentpurpose
(DSP).To determinea DSPis to specifywhatexactly is beingintendedby whom. TheDSPs
areconnectedby two structuralrelations,dominanceandsatisfaction-precedence.A discourse
segmentpurposeDSP1of a discoursesegmentDS1dominatesthediscoursesegmentpurpose
DSP2of anothersegmentDS2,if DSP2contributesto achieving DSP1.Satisfaction-precedence
is motivatedby theanalysisof task-orienteddialogue.If DSP1mustbeachieved(or, in Grosz
andSidner’s terms,satisfied)beforeDSP2,thenDSP1satisfaction-precedesDSP2.

The attentionalstateis the componentof the modelwhich hasperhapsreceived the most
attentionin the literature,not leastbecauseit is the basisof CenteringTheory(Groszet al.
1995).Theattentionalstatemodelstheparticipants’focusof attention.It is dynamic;it keeps
changingas the discourseprogresses.Attentional stateis modelledby a sequenceof focus
spaces, which, together, form the focusingstructure. A focus spacecontainsall properties,
objects,andrelationsin a discoursesegment. To put it the otherway around,eachdiscourse
segmenthasits own focusspace,which is continuouslyfilled while the segmentis produced
or processed.After a discoursesegmenthasbeenfinished,its focusspaceis removed from
the focusingstructure.Thatstructureis realisedasa stack: last in, first out. Accordingly, the
operationthat removesa focusspacefrom thestackafter it hasbeencompletedis calledpop,
andtheoperationthatcreatesa new focusspaceon thestackasa segmentis openedis called
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push. If anew segmentS� is openedwithin anotherdiscoursesegmentS� , thenthefocusspace
of S� is not poppedfrom the focusstack. Instead,the focusspaceof S� is poppedonto that
of S� . Whenthe focusspaceof S� is poppedoff, becauseS� hasbeenclosed,thespaceof S�
movesto thetopagain.This is calleda returnpop.

Attentionalstructureis the level at which entity statuscomesinto play. Let us reconsider
our threequestionsagain:

1. In which discoursesegmentsdoestheentityoccur?Howoften?Whereexactly?
An entity occursin a discoursesegmentif it appearsin the focusspaceof thatsegment.
Its statuswithin that segmentchangesdynamically; theselocal changesaretracked by
thecenterlist. Roughly, a centercorrespondsto a discourseentity thata pronounin the
currentutterancecanspecify.

2. How is theentitylinkedto otherentitiesin thediscourse?
TheGStheoryprovidesdataaboutthesegmentsin which theentitiesco-occur, andhow
oftenthey have beenin thefocusspacetogether. Otherfactorssuchasthethematicrole
or thegrammaticalfunctionof theexpressionsthatspecifytheentitiesarealsoavailable,
becausethey areneededto computethe orderof the list of forward-lookingcentersfor
Centering,theassociatedtheoryof local coherence.

3. Howcloselyis theentityconnectedto thespeaker’scommunicativeintentions?
Sincethewholedescriptionof discoursestructurethatGSprovide is intention-based,the
answeris straightforward: analyzetheDSPsof thesegmentsin which theentity occurs
andtheir relationsbothto eachotherandto DP, thepurposeof thecompletediscourse.
Is it part of thegist of thediscourse, of whatthediscourseis all about?
GroszandSidneroffer a very interestingtakeon theold notionof “topic”:

It appearsthatmany of thedescriptionsof sentencetopic correspond(thoughnot al-
ways)to centers,while discoursetopic correspondsto theDSPof asegmentor of the
discourse. (GroszandSidner1986,page192)

Accordingto this quote,discourseentitiescanonly besentencetopics.However, if they
occurin theDS whoseDSPrepresentsthediscoursetopic,andif they aretopical in that
DS, they really are importantfor describingthe gist of the discourse.As we will see
below (Section3.4), this distinctionmakesmoresensethanfrantically looking for NP
discoursetopicswheretherearenone.

The GS model hasbeenvery influential. In the literatureon referring expressions,it is
almostalwaysmerelyintroducedasthe backdropof CenteringTheory, which is discussedin
more detail in Section4.3.2. But Centeringis just concernedwith local coherenceinside a
discoursesegment.Theaspectof globalcoherencehasbeenratherneglected.Oneof therare
exceptionsare(HitzemanandPoesio1998). They examinehow the focusstack(not just the
currentfocusspace)canbe usedto resolve long-distancepronouns.Walker (1998)proposes
to replacethehierarchicalfocusstackstructurewith a cachewhich storesthe lastsevenor so
discourseentities. Shemotivatesthis additionaldatastructureby analysesof returnpopsand
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pronominalcoreferenceacrossdiscoursesegmentboundaries.Although shemay be correct
in that the additionalmachineryof discoursesegmentsandtheir focusstackis not neededin
orderto explain pronominalisation,this argumentis not sufficient to discardthewhole theory
of discoursesegmentsandfocusspaces.After all, theremustbeothertestbedsfor theoriesof
discoursestructurethanthewell-wornstapleof pronounresolution.

3.3.4 Summary

Undoubtedly, GroszandSidnerhavedevelopedaverypowerful theory, albeitdifficult to imple-
mentandannotate.This is notsurprising:recognizingintentionsin discourseis hard.However,
asSection3.2hasshown, intentionalstructureis extremelyimportantfor establishingandmain-
tainingcoherence.Therefore,asa formal approachto globalcoherence,theGSmodelappears
to be on the right track. The discussionof RST in Section3.3.2hasshown that Groszand
Sidner’s reservesagainstafixedsetof discourserelationsandindeedagainstany purelyseman-
tically motivatedrelationsarejustified.Still, for thepurposesof text analysistext generation,a
moredetailedtaxonomyof coherencerelationsis indispensable.

RST providesa tried andtestedframework for analyzingdiscoursein termsof coherence
relations.However, mereinformationalcoherencerelationsarenotsufficient;wedoneedsome
information about intentionalstructureif we are to analysemore than short prosetexts. A
crucial problemwith RST is that the relationsare highly metaphorical,and thereforemany
definitionsarejustnotclear. A goodtheoryshouldbeeasyto extendto discourse,andit should
alsobeeasyto relateto theschematathatmany analystshave foundusefulin cognitivescience
(Schank1977). As to thenumberof relations,I doubtwhetherpsycholinguisticevidencecan
uncover a fixed, small setof relationswhich govern the way humansinterpretcoherenttext.
From a communicationtheoreticpoint of view, it appearshighly plausiblethat connections
which establishcoherencearemadeup andadaptedon the fly. Although therearecommon
schemata,which are slightly modified eachtime they are usedto processtexts, peopleare
flexible enoughto createnew relationson thefly if theseschematashouldfail them.

Structuralentity statusneededto beexplicatedslightly differently for eachof thetheories.
SincebothFox-styleRSTandvanDijk assumethat thesmallestunit is theproposition,it fol-
lows thatstructuralentity statusmustbecomputedfrom theplaceof anentity in thehierarchy
of propositionsdefinedby thediscoursestructure.GroszandSidner, on the otherhand,con-
centrateondiscoursesegments.Structuralentitystatusis largely takencareof by aspecialdata
structure,the focusstack. The positionof an entity on this stackandits relative salienceare
themainparametersthatneedto bestored.But in fact,whatwe needis a mergerof thosetwo
kindsof information.Weneedto know boththeroleof theproposition(or theutterance)in the
discourseandthepositionof theentity on thefocusstack.We getbothkindsof informationin
themergeddiscoursetheorythatMoserandMoore(1996)describe.Ultimately, anintegration
of coherencerelationswith theintentionalmodelof GroszandSidneralthoughthis might lead
to a muchmoreconcisenotionof structuralentity status.

Finally, it may well be that even the besttheoryof discoursestructurecannotexplain the
form of certainreferencesto entitieswhich have lastbeenmentioneddozensof pagesago.Let
mecitea prototypicalexample:
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How long doesdefinitenesslast? On page13 of Arthur Koestler’s Thecaseof the mid-
wife toad thereis the sentenceOneof his [Paul Kammerer’s] pockets containeda letter
addressed‘to thepersonwhofindsmybody’. The letter is not mentionedagainuntil page
118,wherewe find a sentencebeginningAsfar asweknow, hewrotefour farewell letters
(apart from the note‘to the personwho will find my body’) ����� Thus,with the aid of the
quotefrom the letter, the readeris assumedto be ableto identify what letter this is, and
we cansaythat thestatusof definitefor this referenthasbeenpreserved over 105pages.

(Chafe1976,page40;underlinedwordsin original replacedby italics)

Chafegoesonto speculateabouttheconnectionbetweenthetwo passages:thetwo of them
framea flashbackto the“eventswhich led to Kammerer’s suicide”(op. cit.). We will returnto
suchexamplesin chapter4 on themanagementof discourseentities.But until we canturn to
themanagementdimension,we needto discussonemorewell-known conceptof analysisthat
canberelatedto structuralentity status:thenotionsof “theme”and“topic”.

3.4 Themeand Topic

Of thethreequestionsaboutpropertiesof structuralentitystatusthatI askedat thebeginningof
thischapter, thefirst two areclearlyrelatedto discoursestructure.Thelastone,however, points
in the directionof anotherpopularconceptin linguistics, the notion of themeor topic. The
literatureis repletewith differentdefinitionsof theseterms.Themeandtopichavebeenusedas
analyticaltoolsby researchersfrom all linguistic traditionsandspecialisations.Therefore,any
overview of usesmustbebiasedby thetraditionsthattheauthorsof thatoverview arefamiliar
with. My biasis generalandcomputationallinguistics,andevenin thatfield I donotstrivefor a
completeoverview. Instead,I aimto show how somethinglikeentitystatusmightbeintegrated
into somepopulardirectionsof research.

This sectionis structuredin a similar way asSection3.3. Insteadof developinganall-new
improvednotionof themefor thenew millenium that incidentallycorrespondsto what I have
calledstructuralentity status,I will survey several definitionsof topic/themeandrelatethem
to structuralentity status. The discussionwill be guidedby the questionslisted on page24:
How closelyis the entity connectedto the speaker’s communicativeintentions? Is it part of
thegist of thediscourse, of what thediscourseis all about? Clearly, structuralentity statusis
influencedby the discourseasa whole,so,ultimately, it will have moreto do with discourse
theme.But this discourse-level notionwill needto berelatedto sentence-level themes,aswell.
Therefore,in section3.4.1,I will review approachesto sentencetheme.If weseethemesaslinks
to theco-text, theconnectionbetweenthemeandstructuralentity statusis clear: entity status
protocolshow often an entity hasserved aslink, andwhen. Usually, the dichotomybetween
psychologicalsubjectandpredicateis alsodiscussedin thecontext of sentencetheme.But this
proceduredoesnot do thescholarswho developedthesenotionsjustice.To arguethis point in
moredetailwould leadustoo far afieldhere;detailscanbefound in (Woltersin preparation).
Section3.4.2links thediscussionof themeto Section3.3—it is aboutdiscoursetopicsandhow
thesetopicsrelateto structuralentity status,whichdependsof coursegreatlyon how discourse
structureis modelled.Finally, in Section3.4.3,I summarisehow discoursetopic andsentence
themecanberelatedto structuralentity status.
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A Note on Terminology: Whendiscussingtheresearchof others,I will alwaysusetheterm
that is favouredby the researchersI am citing. Whensummarizingdifferent researchtradi-
tions, I will use“theme” whentalking aboutsentence-level themeor topic, and“topic” when
talking aboutthe discourselevel. For the sentence-level, I favour “theme” for two reasons:
first, its counterpart,“rheme”, is lesspolysemousthanoneof the two counterpartsof “topic”,
“focus”, second,it is mainly usedby researcherswho seethemesascontextual links. For the
discourse-level, I will usetheterm“topic”. Thisis thecommonlyusedtermin Englishlanguage
publications(Brown andYule 1983). CommonEnglishusageis the only reasonwhy I chose
“topic” over “theme”here—Iwouldnothesitateto translatemy “discoursetopic” into German
as“Diskursthema”.

3.4.1 SentenceTheme

Almost all recentpaperson themedistinguisha sentence-level versionfrom a discourse-level
version.5 The sentence-level themeis frequentlydefinedfrom a pragmaticpoint of view. It
is something“given”, “old”, which the sentenceis “about” or which canbe taken to be the
pointof departurefor interpretingthesentence.Sentencesnotnecessarilyhave to have themes.
They canalsoconsistof all-new information,showing no direct link to thepreviousdiscourse
context. In sentenceswith a theme,the communicatorarrangesthe information so that the
rhemeis predicatedof a theme. Sentenceswithout a thememerelypresenta stateof affairs.
Thefirst kind of sentencesarecommonlycalledcategorical, thesecondkind thetic (for more
on thisdistinction,c.f. Sasse1987).

Someresearchershave arguedthatbothterms,topic andtheme,canandshouldcoexist on
the sentencelevel, so that they cansharethe workloadof meaningswhich hasbeenattached
commonlyto justoneof thepair. For example,Hallidayexplicitly characterisesonly onepartof
histheme,thatpartwhichhasanexperientialmetafunction,astruly topical.Molnár(1993)goes
astepfurther. BasedonBühler’s(1934)Organonmodel,shedefinesthreerelevantdichotomies:
Topic-Comment: topic is whatcommentis about. (pragmaticaboutness,

Darstellungsebene)
Theme-Rheme: themeknown to thehearer, rhemenot (givenness,

Appellebene)
Focus-Background: focus is what speaker judgesto be rele-

vant
(relevance,

Ausdrucksebene)
The focus-backgrounddichotomyis very popularin formal semantics(prominentrecent

examplesarevonHeusinger1999,Dekker1998,Krifka 1992,Büring 1996).Theclassicalref-
erenceon this dichotomyis (Jackendoff 1972).Researchershave usedit mainly for describing
themeaningof intonationalfocus: Thefocusis thepartof thesentencethat is in thescopeof
a focusoperator, while the restof thesentenceconstitutesthe background.I will not explore
the relationof focus/backgroundto entity statushere,becausethat would leadtoo far afield.

5Thedistinctionis sometimesattributedto (Reinhart1981),sometimesto (vanDijk 1977),but thebasicinsight
that sentencethemesarenot what a completediscourseis aboutis mucholder, andit would be foolhardyto try
andtraceit to onesinglepioneer—not leastbecausethis insight is obvious.However, it is certainlycorrectto say
thatReinhartandvanDijk popularisedthedistinctionamonggenerativegrammariansandformal semanticists.
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Instead,I preferto concentrateon moretraditionalapproachesto informationstructure,which
havebeendevelopedfrom metaphorssuchascontextualboundednessor pointof departure.For
analyzingdiscourse,we needmany perspectives;focus/backgroundis but oneof them. In the
following example,Rincewind is bothintonationallyfocusedandfunctionsasacontextual link:

(3.5) Every child on Discworld knows thatRincewind is a shoddymagicianwith a strong
instinctfor self-preservationthatsomewouldcall cowardice.
Why on earthdid theCity Council thenchoose[RINCEWIND] � , of all people,for a
reconnaissancemissionto theCounterweightContinent?
Whena messengercameto bring him thegoodnews, Rincewind wasshocked. His
first thoughtwasto fleethecity.

What is thetopic of thesecondsentence?Theonly seriouscandidatefor that job is thecandi-
datefor the reconnaissancemission,Rincewind, who is incidentallyalsoin the focusof both
intontationandtheCity Councilof Ankh Morpork.

Linguistic correlatesof sentencethemesuchasword order, syntactictopic markers,most
notoriouslyJapanese“wa” (Kuno 1972),andspecialtopicalisationconstructions(Lambrecht
1994)have beendiscussedextensively in the literature. For thesesentence-level studies,re-
searchersneededa notionthathelpedthemexplain what theconstituentsthatappearedin that
placein thesentence,hadbeendislocated,or with a certainparticle,hadin common,andhow
their commonpropertycould be relatedto communication.Basedon their interpretationof
thelanguagesamplesthey studied,frequentlyisolatedsentences,they foundparaphrasesof the
term “theme” that allowed themto capturethat commonproperty, andto formalisesyntactic
propertiesof topicalconstituents.For exampleMolnár (1993)modelssyntactictopicsin Hun-
garianasadjunctsof focusphrases.Sinceshedefinestopicsin termsof pragmaticaboutness,
topic-commentstructureis thereforeright at theinterfacebetweenthesyntacticandpragmatic
modulesof a generativegrammar(Motsch,ReisandRosengren1990).

Anothermotivationfor thenotionof sentence-level themeis theoretical.Scholarssuchas
Paul (1920)or Wegener(1885),ponderinghow andwhy peoplecanunderstandtexts, found
ananswerin thedichotomybetweenpsychological subjectandpsychological predicate, where
thepsychologicalsubjectservesassomesortof basisfor interpretingthepsychologicalpredi-
cate.Thetwo motivationsalsodiffer in therole which they assignto notionssuchas“theme”.
Thosewho aremainly interestedin powerful conceptualtools for describingcertainaspects
of languagewill be inclinedeitherto jettisonthe termcompletely, becauseit is not sharpand
conciseenough(e.g.SchlobinskiandScḧutze-Coburn 1992)or to dissolve the term into a set
of featureswhich describethe functionsthat have beenattributedto them(e.g.Jacobs1999,
seeespeciallyhis typologyof researchattitudesto thetopic-commentdistinction).Ontheother
hand,thoseresearcherswho believethatthereis astratumof linguistic systemswhich is called
informationstructure,andthat this level of structurespecifieshow thecontentof messages(=
theinformationthesemessagescarry) is adaptedto thecurrentdiscoursecontext, will facethe
chaosandmodify theterminologyto suit their needsandthe linguistic theorythat formstheir
background.Of course,bothcurrentscannotbeseparatedasneatlyasI have suggested.The
frequentcitationsof (Paul 1920)show thatmostlinguistswho have workedmoreextensively
on themeareawareof his concepts,andresearchersmay believe in somethinglike informa-
tion structureevenif they refuseto talk aboutit in termsof topics,themes,comments,foci, or
backgrounds.
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Theviciouscircleof conceptualpolysemywassetin motionwhenresearchersstartedciting
eachother’s conceptsof “theme” with little regardof the paraphrasesandmetaphorsbehind
theseconcepts.SchlobinskiandScḧutze-Coburn (1992)andVallduvi andEngdahl(1996)pro-
vide good overviews of the conflicting andcomplementaryviews and traditions,andHasan
and Fries (1995a)show how Halliday’s conceptof themehasbeenmisinterpretedby those
researcherswhoneglectedits functionalunderpinnings.6

In this section,I cannotstrive for a completecoverage. Instead,I will focuson four ap-
proachesto “theme”: point of departure,aboutness,contextual links, andcommunicative dy-
namism.As in the sectionon discoursestructure,I will leave formal semanticapproachesto
themeandits mothernotion, informationstructure,aside.For importantrecentwork, seee.g.
(Büring 1996,Jacobs1999,Roberts1997,Steedman2000a).

Aboutness: In recentyears,Reinhart(1981)hasundoubtedlybeenthe most influential ad-
vocateof definingthemesasthat which a sentencecanbe interpretedto be about. Of all the
approacheswe will examinein this section,theaboutnessapproachhasthemostdirect link to
entity status,becausesentencesaretypically analysedasbeingaboutdiscourseentities(Davi-
son1984,Lambrecht1994,Gundel1985,Gundel1988). Most researchersin the“aboutness”
traditionusethetermstopic/commentto expressthepartitionthey aredescribing.A majormo-
tivationfor thisstrandof researcharethe“topicalisation”constructions,suchasleft-dislocation
of constituentsin English.A typicaldefinitionis thefollowing:

Definition 3.1(Topic) An entity, E, is the topic of a sentence, S, iff in using S the speaker
intendsto increasetheaddressee’s knowledge about,requestinformationabout,or otherwise
get theaddresseeto act with respectto E. (Gundel1988,page210)

Definition 3.2(Comment) A predication,P, is thecommentof a sentence, S,iff, in usingSthe
speaker intendsP to beassessedrelativeto thetopicof S.(Gundel1988,page210)

Thedefinitionof topicmakesthenotionof “aboutness”moreexplicit. It alsoimpliesthattopics
areparticularlyimportantfor processingsentences(Davison1984).Thedefinitionof comment,
on the other hand,alludesto the scene-settingfunction of topic. Both definitionsfocus on
languageasa mediumfor exchanginginformationbetweenrationalagents.

Aboutnessis not to beconfusedwith givenness.For averydetaileddiscussionof thispoint,
see(Lambrecht1994).Thereis overlap:Topicsareusuallyfamiliar to bothspeakerandhearer,
andhearerscanusuallyuniquelyidentify thediscourseentitiesthataretopical(Gundel1988).
But thetwo dimensionsarenot parallel,becausefamiliar entitiescanbepartof thecomment.
Theclassicexampleis basedon reflexiveanaphora:

(3.6) Who did Rincewind hurt whenhecastthespell?
He hurt [himself]Comment.

6Incidentally, Vallduv́i, who usedto advocatea tripartition of informationstructureinto link, tail andfocus,
wherelink andtail correspondto thebackground,is now mainly working with thenotionsof “rheme” and“kon-
trast” (Vallduv́i andVilkuna1998).
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In termsof entity status,topicality belongsclearlyto thestructuraldimension.If we trackhow
oftenan entity hasbelongedto the topic, andif we addinformationaboutthedistanceof the
sentencesin which theentity hasoccurredastopic aswell asinformationaboutthe syntactic
constructionby which thatentity is realised,then,we geta verydetailedpictureabouttherole
that the entity plays in the informationalstructureof the discourse.Givenness,on the other
hand,belongsfirmly to themanagementdimension:it characteriseshow quickly theentity can
beretrieved,if atall.

Sentencetopicsarebasedon a relationbetweenpropositionsanddiscourseentities:

A referentis interpretedasthe topic of a propositionIN A GIVEN DISCOURSE thepropo-
sition is construedasbeing ABOUT this referent,i.e. asexpressinginformationwhich is
RELEVANT TO andwhich increasestheaddressee’s KNOWLEDGE OF this referent.

(Lambrecht1994,page127)

The importantdifferencebetweenthe two superficiallysimilar definitionsof Lambrecht
andGundellies in the threewords“is construedas”. For Lambrecht,the easiera discourse
entity is to accessmentally, theeasierit is to interpreta propositionasbeingaboutthatentity.
Lambrecht’snotionof accessibilitywill bediscussedfurtherin Section4.3.1.

Lambrecht’s definitioncontainsanotherimportantinsight: topicsareconstruedby hearers
whenthey interpretsentences.Let us take this statementonestepfurther: If the topic is not
markedeithersyntacticallyor morphologically, theheareris—in principle—freeto interpretthe
propositionto beaboutwhatever hechooses,providedthatthis interpretationdoesnot conflict
with the context of the discourse.Unsurprisingly, it turnsout to be ratherdifficult to apply
theaboutnesscriterionto naturallyoccurringdiscourse,whenthequestiontestis not available
anymore.To remedythis problem,formalsemanticistssuchas(vanKuppevelt 1996,Ginzburg
1996)have suggestedto representdiscoursesin form of question-answerpairs. Klein andvon
Stutterheim(1992) and Lötscher(1987) have shown that the question-answerparadigmcan
evenbeextendedto determineadiscoursetopic. For them,thetopicof adiscourseis thedesire
for informationto which it is supposedto satisfy, thekind of informationthataddresseeshope
to get out of the text. I am ratherskepticalaboutsuchtests. Although it may be possibleto
artificially constructquestionsfor task-orienteddialogueor expositorytext, anapproachsuch
asthatof GroszandSidner, whereintentionalstructureplaysacentralrole,is bothmoregeneral
andmorefruitful.

Komegata(1999)pointsout thattheproblemwith thequestiontestis only a theory-specific
instanceof amoregeneralproblem,theidentificationproblem:How canwedeterminethetopic
of an arbitrarysentenceon the basisof a givendefinition of topic? From the communication
theoreticperspective describedin AppendixD, we needto answerthis negatively: it is not
possibleto give a sucha generalprocedure,becauseeachinstanceof usediffers subtly from
all others. Sucha positioncanbe derived plausibly from the nineteenthcenturyconceptsof
psychological subject/ psychological object, whichwecannotgo into furtherhere(c.f. Wolters
in preparation).

Point of Departure: With eachsentencethey utter, speakersfollow a specificgoalwith re-
spectto thediscourse.In their sentences,they relatethis goalto a point of departure,which is
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sharedby bothspeaker andhearer. This interpretationof theunderlyingstructureof sentences,
proposedby Weil (1844/1978),providesthe literal point of departurefor many currenttheo-
ries of themeandrheme. This metaphoris alsocentralto the distinctionbetweenthemeand
rhemethat Halliday makes in his seminal(1967)paper. He definesthe themeasa category
thatstructures“the clauseasa message”.Halliday’s notionof themeis influencedbothby the
“psychologicalsubjects”of nineteenthcenturygrammariansandby PragueSchoolwork such
as(Mathesius1929).Hallidaydefinespsychologicalsubjectsasfollows:

PsychologicalSubjectmeant‘that whichis theconcernof themessage’.It wascalled‘psy-
chological’becauseit waswhatthespeaker hadin his mind to startwith, whenembarking
on theproductionof theclause. (Halliday1994,page31)

Thesecondsentenceof thisquotecontainsin nucethe“point of departure”of thefollowing
definitionof theme:

TheThemefunctionsin thestructureof the CLAUSE AS A MESSAGE. A clausehasmean-
ing asa message,a quantumof information; the Themeis the point of departurefor the
message.It is theelementthespeaker selectsfor ‘grounding’whatheis goingto say.

(Halliday1994,page34)

When we comparethe two quotes,we alreadyseethe vicious circle at work. What the
speaker hasin mind whenshestartsto producea clauseneednot be thetheme;this definition
could alsoapply to the goal the speaker pursueswith her utterance,the point sheintendsto
make. In contrast,Halliday’s definitionof themerefersto how themessageis structured.The
point thatthespeakerwantsto makeis underlinedby thethematicstructureshechooses,which
constituentssheusesto setthescenefor whatcomesnext.

In English,thisscene-settingfunctionis accomplishedby wordorder. Thethemeof aclause
consistof theconstituent(s)which come(s)first in theclause.Many researchershavecriticised
thatHallidaychoseto associateafunctionaldefinitionwith afixedpositionin theclause.But if
onelooksmorecloselyat themetaphorwhichhechosefor paraphrasingthefunctionof themes,
thisassociationmakesperfectsense.Whatcomesfirst in aclauseis thatwhichis processedfirst,
andindeed,it setsthescenefor theprocessingof what is to follow. Figure3.2 illustrateshow
complex themescan be. Single themesbelongto the experiential level. Unmarked themes
correspondto standardword order, marked themesto non-standardword order, in particular,
left displacements.

The exactdefinitionof Themein SFL is hotly debated.For a summaryof thedebate,see
(HasanandFries1995a),andfor attemptsto link thenotionof themeto text structure,(Fries
1995,Ravelli 1995). Sincethedefinitionof themeis a metaphor, andsincethis metaphorhas
beenrephrasedfrequentlyin SFL, themosturgenttaskaccordingto (HasanandFries1995a)
is to reacha broaderconsensusaboutwhat thecross-linguisticfunctionof themeis. I find the
metaphorof “scenesetting” easierto apply thanthat of “aboutness”.Moreover, the concept
canbe linked directly to psychologicaltheoriesof incrementalprocessing.What comesfirst
influenceshow the rest is interpreted;this intuition is coveredsuperblyby the way themeis
realisedin English. Finally, Halliday’s definitionof themeis not restrictedto content,healso
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Metafunction Definition clauseas ���	� componentsof theme
textual creatingrelevance message continuative

to context structural(conjunctionor WH-relative)
conjunctive

interpersonal enactingsocial exchange vocative
relationships modal(adjunct)

finite (operator)
WH- (interrogative)

experiential constructingamodel representation topical
of experience (participant,circumstance,process)

Example:
well but then Ann surely wouldn’t thebestidea beto join thegroup

continuative structural conjunctive vocative modal finite topical
textual interpersonal experiential
Theme Rheme

Figure 3.2. Thestructureof a themewith multiple parts,basedon (Halliday 1994,Table2(4),
page36,Table3(7),page54,andFigure3-13,page55). Metafunctionsarelevelsonwhich lan-
guagecanbedescribedfunctionally. Thetextualmetafunctiondescribeshow atext is organised.
The interpersonalmetafunctionis concernedwith how the interactionbetweencommunicator
andaddresseeis organised.Finally, theexperientialmetafunctionfocuseson how languageis
usedto structureanddescribereality.

takesinto accounthow thecurrentsentencefits into thetext asa whole(textual level) andinto
thecurrentinteractionbetweencommunicatorandaddressee.

Discourseentitiescanonly occuras topical themes. The structuralentity statusvariable
recordshow oftenanentityoccursasatopicalthemein thetextsaswell asthedistancebetween
theseoccurrences.In SFL, topical themesareusedto chartthe thematicprogressionof a text
(c.f. alsothe sampleanalysisin Halliday 1994). However, it is not possibleto deducefrom
the thematicprogressionthe points that the communicatorwishesto make; it merely offers
a skeletonof how thesepoints are strungtogether, and structuralentity statusdescribesthe
role of discourseentities in that skeleton. For example, in Halliday’s analysis,the isolated
sequenceof themesmakeit clearthatin thefirst two paragraphs,Robertis themainprotagonist,
while the third to fifth areorganisedaroundGeorge, Robert’s father. It is not clear to what
extent this effect is preserved in languageswith zeroanaphora,suchasChineseandKorean,
or in languageswherethe surfaceword order is not SVO, suchasWelshor Gaelic. In such
languages,thematicprogressionchainswouldneedto beanalyzedfrom adifferentperspective.
Although we cancircumvent theseproblemsto a certainextent if we asssumethat structural
entity statusis mainlydeterminedby thecohesive relationof Referenceasdefinedin (Halliday
andHasan1976),thedegreeto whichanentitycanserveas“point of departure”is nevertheless
animportantparameterwhichany accountof structuralentity statusshouldcover.

To sumup, althoughHalliday’s approachis intuitively appealing,the definition of theme
is too vagueto be a really useful tool for analysis,andmostof the examplesI have seenso
far comefrom SVO languageswith (almostno) zeroanaphora.HasanandFries(1995a)are
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remarkablyfrank aboutthereason:Conceptsfor linguistic analysisarealwaysalsodescribed
with respectto at leasta few formal properties,andthesepropertiescandiffer slightly from
languageto language.Hence,eachlanguagehasto beinvestigatedon its own terms,andeach
researcherneedsto evaluatecritically how the abstract,highly metaphoricaldescriptionsthat
SFtheoryoffersshouldbeappliedto herdata.

Link to the Context: One of the oldestapproachesto themeand rhemeis basedon the
metaphorof “contextual link” or “contextual boundedness”.Beforesomethingcanbe a con-
textual link, it hasto be given or known by the context. For this reason,many definitionsof
themearephrasedin termsof givenness- suchasthedefinitiongivenby Ammann(1928),who
is commonlycreditedwith inventingthe theme/rhemedichotomy. For Ammann,the themeis
thatwhich is alreadyknown, while therhemeis thatwhich is new, the informationwhich the
communicatorcangiveto theaddresseeaboutthetheme.

Nowadays,theview of themesascontextual links is closelyassociatedto thePragueSchool
of functionalism. Contraryto what mostbrief discussionsof the PragueSchoolsuggest,this
researchtraditionis neithermonolithicnordoesit pursuearadicalfunctionalismascaricatured
in (Givón1995b).It is firmly anchoredin traditionalstructuralanalysis.Sgall,oneof themain
protagonistsof theModernPragueSchool,putsit this way:

Oneof thesubstantialaspectsof thefunctionalapproachthusconsistsin identifyingtheem-
pirically establishedunitsof thesystemof language,oppositionspresentin thelanguageas
a system.Theseunitsandoppositionsareestablishedon thebasisof operational(testable)
criteria, i.e. it hasto be shown thateachof thepostulatedoppositionsplaysa role (hasa
function)in therelevantpositionof thepatterningof language.Only suchunitscanbees-
tablishedasarereallyneeded,andwhosepresenceis usefulfor thedescriptionasawhole.

(Sgall1987,page169f.)

Theclassicapproachthatresearcherstendto cite whendiscussingthePragueSchoolis the
FunctionalSentencePerspective (FSP)(Firbas1974,Firbas1992).FSPwasfirst discussedby
Mathesius(1929),whosework wasin turn inspiredby (Weil 1844/1978).

Theoriginalaimof FSPanalysisis to show how theflow of ideasin adiscourseis expressed
by grammar. In (Firbas1974),FSPis oneof threeperspectivesunderwhich a sentencecanbe
described,the other two beingsemanticandgrammaticalstructure. In Mathesius’work, the
themecanbeboththatwhichis spokenaboutandwhatis alreadyknown. Firbasredefinestheme
andrhemeonthebasisof CommunicativeDynamism(CD).CD is agradientnotion.Thedegree
of CD carriedby a constituentis “the extentto which [it] contributestowardsthedevelopment
of the communication”(Firbas1974,page19). The themeproperis the constituentwith the
lowestdegreeof CD, the rhemeproperhasthe highest. The constituentsbetweenthemeand
rhemeform the transition. CD is reflectedin word order, but only asfar aslanguage-specific
grammaticalrulespermit.For example,in Czech,a languagewith a relatively freeword order,
thesurfacewordordermirrorsCD quitewell. In English,ontheotherhand,surfacewordorder
andCD correspondfar lesscloselybecauseof therigid SVO scheme(Mathesius1929).

Thereis a closerelationbetweenCD andcontextual boundness.This relationis exploited
heavily by the ModernPragueSchool. Although CD still playsa role in their take on infor-
mationstructure,Sgall,Haji �cováandPanevová (1986)preferto describeinformationstructure
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with respectto Contextual Boundedness.In theFunctionalGenerative Description(FGD) ap-
proachof (Sgallet al. 1986),informationstructureis describedby theTopic-FocusArticulation
(TFA).7 TFA is definedin termsof tectogrammaticalrepresentations(TR), adependency-based
descriptionof the structureof a sentence.Discourseentitiesthatarerealisedby referringex-
pressionscorrespondto anargumentnodein TR. Communicativedynamismdescribesthelin-
earorderof theargumentnodes.Thisordercandiffer from surfaceorderif thesentenceaccent
is not placedon the rightmostconstituent,or if shallow movementruleshave moved an ele-
mentto adifferentpositionin orderto satisfylanguage-specificconstraintsonwordorder. This
definition of CD mirrors the operationalisationthat Firbasoriginally definedin Weil’s terms.
For eachsetof arguments,thereis an unmarked systemicordering (SO),which is definedin
termsof thematicroles. A constituentis contextually boundif it comesearlier in CD thanit
would in SO.Again, thetopic properis the leastcommunicatively dynamic,andthefocusthe
mostdynamicitem. Sincethedefinitionof TFA reliesheavily ona full tectogrammaticalparse,
empiricalanalysesof TFA in naturally-occurringdiscoursearerathertime-consuming.

Like aboutness,both TFA and the more traditional theme-transition-rhemepartition can
be relatedeasily to structuralentity status,becauseboth partitionsare definedon syntactic
representations.This permitsus to derive the topicality of a discourseentity directly from the
syntacticpropertiesof the correspondingreferringexpression.Contextually bounddiscourse
entitiesprovide links to the precedingdiscourse. To make the link betweensentence-level
themeandstructuralentity statuscomplete,we needsomekind of bookkeepingwhich tracks
whenwhichentitiesarethematic.

Sucha bookkeepingis mademucheasierby anadequatetypology of sentencetransitions
like thatdevelopedby (Daněs 1974a).He analyzesthesequenceof themesin thesentencesof
adiscoursein termsof thematicprogressionof a text. Therearethreemaintypesof transitions
betweentwo sentencesS� , S� with themesT � , T � andrhemesR � , R� :

1. simplelinearthematicprogression:T � = R� .
2. thematicprogressionwith aconstanttheme:T � = T �
3. thematicprogressionwith derivedthemes:T �! " T � andT �! " R � . In thiscase,subsequent

themesoftenrelateto partsof R� .
Apart from thesetransitions,two moreconstructsareneeded:jumps,whichresultwhenthemes
areomitted,andinsertedmaterial,whichdistortstheoriginal form. Daněs’ approachis system-
atic, but asDressler(1974)remarks,it is only thefirst stepto incorporatingFSPin discourse
structure,andat the time of writing, it appearsthat mostof the remainingstepsstill needto
be done. Researcherstendto useDaněs’ categoriesmoreasa substitutefor a moreelaborate
discoursestructure,thanasa link betweensentencestructureandtext structure.

The“contextuallink” metaphorhasalsobeenusedin thecontext of formalpragmatics(Vall-
duvi 1990)andcomputationallinguistics(Komegata1999). In his thesis,Komegatapresents
a fully formalisedconceptof conceptuallink. This formalisationis basedon Combinatory
CategoricalGrammar(CCG).Steedman(2000b)hasshown thatCCGis powerful enoughfor
an integratedaccountof the interactionbetweensyntax,semantics,andinformationstructure.

7Thefollowing summaryis largelybasedon (Sgallet al. 1986,Kruijf f-Korbayová1998).
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Komegata’sapproachhasbeenimplementedin asystemthatanalyzestheinformationstructure
of Englishsentencesandtranslatestheminto Japanese,whichhasovertmarkersof information
structure,theparticles-wa and-ga. Komegatadefinesthemeandrhemeon thelevel of propo-
sitions. Thepartition is strictly binary;propositionsresultfrom thesemanticcompositionof a
themeanda rheme. Themesarenecessarilycontextually linked,but neednot be contrastive,
while rhemesarenecessarilycontrastive,but neednot becontextually linked.Contextual links
aredefinedonthelevel of discourseentities.They relateentitiesin thecurrentutteranceto enti-
tiesthatareeitherpresentin thecommunicationsituationor havealreadybeenmentionedin the
text. Theinferencesthataddresseesneedto draw in orderto establishthatlink arebounded,but
theseboundsdependon variousfactorswhicharenot partof theinferencelogic itself: linguis-
tic marking,accessibility(themanagementdimensionof entitystatus),anddomainknowledge.
LikeLambrecht,Komegatathustiesthematicitycloselyto givenness.Sinceherestrictshis link
definition to discourseentities,structuralentity statuscanbe derived asusual: protocolhow
oftenanentity actsastheanchorpoint for a contextual link, andwhich relationexistsbetween
themeandanchor.

Summary: We have seenthatmodernapproachesto sentencethemevary greatly. Most re-
searchers,especiallythe formalists,preferto defineonly referringexpressionsasthemes.But
as we will seebelow and as we have seenin Section3.3, this restrictionquickly runs into
problemswhenthe informationstructureof a sentencehasto be tied to the informationalor
intentionalstructureof a discourse,becauseboth areorganisedin termsof propositions,not
in termsof discourseentities. What is a sentenceabout?What is a discourseabout?Clearly,
both questionshave to be answeredon the level of semantics.How do we determinewhat a
sentenceor a discourseis about?Thesearequestionsfor pragmatics—how is languageused
to mark thoseconstituentsthat play a specialrole in structuringthe contentof a discourse?
I think that onequestioncannotbe answeredwithout the other, andthat sentencethemeand
discoursetopic cannotbedefinedindependently. Oncewe know thepositionandthefunction
of a sentencein its context, we candeterminehow it is linkedto whatprecedesandwhat fol-
lows it, how it is embeddedin thecurrentcommunicationsitutation,what it is supposedto be
about.If this link is missing,we caneitherfollow theinductivestrategy of (Jacobs1999),who
splits the topic/commentdistinctioninto a setof four featureswhich describethe contexts in
which certainsyntacticconstructionscanappear, or we cantake our refugein thosepartsof a
sentencewhich canbelinkedto context moreeasilythanpropositions:discourseentities.The
first strategy certainlyhasits merits,if theaim is to developinductive,well-foundedcategories
for syntacticanalysis.But theoriginal functionalmotivationfor somethinglike themesis lost.
Thesecondstrategy is alsopromising,andcanbeformalisedreasonablywell. But it opensthe
doorswide to peoplewhoaretemptedto confusegivennesswith thematicity.

I find the ideaof topicsascontextual links very promising.It answersseveralquestionsin
anelegantway:

1. Doeseverysentencehave to haveanexplicit topic?
No. If thehearercaninfer thenecessaryconnectionsfrom thecontext, thereis no need.

2. Do topicshave to bereferringexpressions?
No, but they shouldbediscourseentities,becausetopicsareanchorpoints,andtherefore
hearersshouldbeableto referbackto them.
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3. Doesit makesenseto assumedegreesof thematicity?
Yes. It doesnot make sensethatonly a certainpart of a sentencelinks that sentenceto
thecontext. All constituentscanserve aslinks. Themoredifficult it is to find ananchor
point for a contextual link, thelessthematicis that link. Thethemeproperof a sentence
is theconstituentwith theclearestlink.

From this short overview, it becomesclear how themecan be integratedinto structural
entity status:themoreoftenanentity providestheanchorpoint of a theme(a contextual link),
themorecentralit is for linking thediscoursetogether, themorepivotal to discoursestructure,
andthemorelikely to bepartof thegist of thediscourse.

3.4.2 DiscourseTopic

In Section3.4.1,I have arguedthaton thesentencelevel, thematicconstituentslink sentences
to the precedingco-text. But aswe have seenin Section3.3, thereis moreto discoursethan
just cohesive, grammaticalsequencesof words. Themaincriterion for calling anutteranceor
asequenceof utterancesa discourseis thatthey serveacommondiscoursepurpose.How does
thisdiscoursepurposerelateto sentencethemes?And whataboutdiscourse-level topics?These
arethetwo questionswewill discussin thefollowing pages.

Discoursetopicsarewhata pieceof discourseis about.This intuition hasbeenexploredin
severaldifferentways. Scholarswho want to link sentence-anddiscourse-level topicstightly
would probablywant to expressthe topic of a discourseby a noun phrase. The discourse
topic (or discoursesegmenttopic) would be a specialdiscourseentity amongothers,maybe
with a flag setin the setof structuralstatusvariables.A goodexamplefor sucha strategy is
(Dik 1989,Section13.3).8 Discoursetopicsare“thoseentitiesaboutwhich a certaindiscourse
impartsinformation” (Dik 1989,page267). Discoursetopicsmay be moreor lesscentralto
thediscourse.They arehierarchicallyorganised.For example,thetopic of thepresentsection,
“discoursetopic”, is but asubtopicof thetopicof Section3.4,“themeandtopic”. Oncea topic
hasbeenintroduced,it is given. Levy (1982)proposesto measurewhethera discourseentity
is in fact discoursetopic on the basisof its co-specificationsequence.Her main resultsare
reproducedin Table3.1. This proposalcomesvery closein spirit to what I will arguefor in
Chapter5.5, but I would not go asfar asto claim thatwhat I ammeasuringis topicality. She
found that topical discourseentitiestendto be introducedin non-subjectpositionby a long,
very explicit NP, while subsequentmentionsof that entity show exactly the reversepattern:
attenuatedforms,suchaspronouns,anda preferencefor thesubjectposition.

A notionof discoursetopic restrictedto NPswould of coursefit in perfectlywell with our
structuralentity status.But thereis moreto the intuition thatdiscoursesareaboutsomething
thanspecialdiscourseentities.What theaddresseeperceivesto be themaincontent,themain
intentionof a discoursewill influencehow heprocessesit. Thetopicsof many texts arenever
verbalisedin the text itself, muchlessin NP form. Of course,in EnglishandGerman,every
complex propositioncanbe transformedinto an even morecomplex nounphrase—although
criticsm of the oft-usedandoft-misused(mostly by politicians)possibility of the transforma-
tion of preposterouspropositionalcomplexesinto nonsensicalnounphrasemonstersparsable

8Anotherexcellentexample,(Givón1992),will bediscussedlater, in Section4.3.5.
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criterion less more
likely to bediscoursetopic if

lengthof co-specificationsequence shorter longer
meandistance greater smaller
firstmention
position subject predicate
form underdetermined overdetermined
subsequentmentions
position predicate subject
form overdetermined underdetermined

Table 3.1. Criteria for DeterminingtheTopicality of a DiscourseEntity. Adaptedfrom (Levy
1982,Table2, page301)

only by trainedlinguistswith considerableexperiencein theconstructionof complex unstarred
materialfor researchpurposesby elderlyguardiansof the languageis frequent.So, if we still
want to introducea discourseentity for thediscoursetopic, we cannotpresumethat this entity
will bementionedin thediscourseitself, but that it hasto bereconstructedfrom thediscourse
by rules.Thisis thereasonwhy topicalitycannotbeestablishedquantitatively. Discoursetopics
canonly beestablishingby interpretingthetext at hand.

But this leadsusto anotherproblem:eachtext hasseveralpossibletopics,andseveralpos-
sible summaries.The problempersistswhenwe switch to an intentionaltheoryof discourse
structure.In orderto determinehow a speaker choseto structurea discoursein orderto reach
the goal of his plansof speaking,we needto interpretthat discourse,sometimesin consider-
abledetail, andin the end,everythingwill be merelyguesswork. van Dijk (1985a,page77)
summarisestheproblemasfollows: “Thus, we mayneedcomplex socialandpolitical knowl-
edgeschemata,or scriptsto understandwhat this text is about(Schank1977,Schank1982).”
I will discussthreeproposedsolutionshere,onewhich waslargely developedon written lan-
guage(vanDijk), onewhichreliesongeneralpragmaticprinciples(Wilson)andonewhichwas
developedusingspokenlanguage(Chafe).

Deriving Topics Structurally: Van Dijk definesdiscoursetopic on the level of semantic
macrostructures,in which the propositionsthat codethe contentof a text areorganised(c.f.
page28f.) Suchmacrostructuresaremotivatedby theobservation thatpeoplecanusuallytell
whatadiscourseor adiscoursesegmentis about,andthatthey cangiveasummaryof themain
points. van Dijk (1980)wantsto modelthis ability by a setof macro rules. Ideally, analysts
shouldbeableto derive thetopic of a text directly from its propositionalcoding.Thetoolsfor
this derivationareasetof four macrorules,which aresummarisedin Table3.2.

It follows from vanDijk’ s procedurethatthetopic of a discoursedoesnot needto bemen-
tionedexplicitly in the text, especiallyif it is derived by generalisationand integration. He
makesthis point very explicit in (van Dijk 1981),wherehe discussessentenceanddiscourse
topicsandcomesto conclusionswhichareverycloseto thoseI arguefor in this section.

Although van Dijk’ s approachcan be appliedto text analysis,Gülich andRaible (1977,
page272 ff.) observe several problemswith it. Firstly, it is difficult to derive propositions
from texts, and van Dijk is not very explicit abouthow this shouldbe done. Despitethese
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OMIT: omit all unnecessaryinformation,all informationthatwill notberelevantlater
in thetext

SELECT: omit all propositionsthatareincludedin, presupposedby, impliedby, or con-
ditionsfor, otherpropositions

GENERALISE: abstractaway from certainpropertiesof referents
INTEGRATE: summariseasequenceof propositions

Table3.2. VanDijk’ smacrorulesfor topicextraction(vanDijk 1980,vanDijk 1985a)

problems,Früh (1992a)developeda contentanalysismethodcalled “SemantischeStruktur-
und Inhaltsanalyse”(SemanticStructureand ContentAnalysis, SSI) which takes a detailed
propositionalcodingof sourcetexts as input. Second,Gülich andRaiblepoint out that it is
not at all clearwhenwhich macrorulesshouldbe used.Van Dijk himself acknowledgesthat
problem.He admitsthatsummariescanbeverysubjective (vanDijk 1985a).But this doesnot
leadhim to rejecttheideaof macrorules.His solutionis different:In hislaterwork,heinterprets
his macrostructures,superstructuresand macrorulesnot as fixed schemata.Macrostructures
areconstructeddynamically. Superstructures,which codetext-type specificschemata,move
towardsflexible scriptswhich help theaddresseepredicthow thediscoursewill develop. Van
Dijk’ sconceptof discoursetopicalsochanges:

[ ����� ] themesor topicsarecognitiveunits. They representhow thetext is understood,what
is foundimportant,andhow relevanciesarestoredin memory. [ ����� ] Finally, thecognitive
natureof macro-interpretationalsorequiresa moreprocess-orientedapproachto the as-
signmentof topicsto a text. Whereasabstractmacrorulesderive topicsfrom a giventext,
or ratherfrom its underlyingsequenceof propositions,this is not what a readeractually
does. [ ����� ] readersuseexpedientmacrostrategies for thederivation of topicsfrom a text.

(vanDijk 1985a,page76 f., italics in theoriginal)

It is clearthatproceduressuchasthoseof vanDijk, whichoperateonly onpropositions,can
fail to capturewhata text, especiallya literary text, is really about(Gülich andRaible1977).
But for mostpurposes,especiallyfor theanalysisof primarycontentasdefinedby Ungeheuer
(1967/1972a),his approachis certainlysufficient. Sucha semanticanalysisalsosatisfiesthe
intuition that whenwe ask the question“what was this text about”, we do not want to hear
speculationsaboutthewriter’s intentions.TheGemayeltext, reproducedin Appendix6.4.3,is
aboutthe reactionsto the assassinationof Lebanesepresident-electBashirGemayelin 1982.
An intentionalanalysiswould cut deeper, to the levelsof Ungeheuer’s secondaryandtertiary
content.What is the intentionof theparagraphs?Whatotherintentions(or discoursesegment
purposes)apartfrom informingaboutfactsarethere?

Oncewe have acceptedthe limits of a structuralapproachsuchasvanDijk’ s, oncewe do
notexpectthemacrorulesto operateautomaticallyanymore,but canusethemto describehow
we would summarisethegist of a text, thenStructureTheoryis still a valuableresearchtool,
especiallysinceit offersanicevocabulary for formaldescriptions.

Topics and Activation: Becausevan Dijk focusedon the analysisof written discourse,it
wasrelatively easyto positsomethinglike structuralrulesfor deriving discoursetopics. If his



52 3 TheDimensionof Structure

primary datahadbeenspoken language,and in particularconversation,his taskwould have
beenfar more difficult. Researchersin the field of conversationanalysisoften do not care
aboutformal definitionsof discoursetopic. For determiningwhat a discourseis about,they
rely on their intuitions. Instead,conversationanalystsconcentrateon waysin which topicsare
negotiated,maintained,andshifted(Bergmann2000).Primeexamplesfor thiscanbefounde.g.
in (Sacks1995).To giveacompleteoverview of thenotionof “topic” in theanalysisof spoken
languagewould leadtoo far afield,especiallysincespokenlanguagedatawill not bediscussed
furtherin thisthesis.In orderto illustratethekind of approachthatappearsto beappropriatefor
speech,I will discusstwo activation-basedapproachesto topic: thetopic framework of Brown
andYule (1983)andtheaggregatetopicsof Chafe(1994).

For Brown andYule, the topic, that which a discourseis about,is an importantcategory
of analysis. If we can identify the topic of a discourse,it meansthat this discoursecoheres
enoughto bemorethanjustanarbitrarycollectionof utterances.Sincetherearemany possible
paraphrasesof adiscourse,theanalystshouldnotsingleoutoneof themas“the” topic. Instead,
sheshouldprovide enoughinformationfor deriving all of therelevantparaphrases.This leads
Brown andYule to replacethenotionof topicby thatof topic framework.

Thoseaspectsof the context which aredirectly reflectedin the text, andwhich needto
be calleduponto interpretthe text, we shall refer to asactivatedfeaturesof context and
suggestthatthey constitutethecontextual framework within which thetopic is constituted,
thatis, thetopic framework. (Brown andYule1983,page75)

This definitionis muchcloserin spirit to thepsychologicalsubjectof Wegener(1885)than
to vanDijk. Basically, whatBrown andYuleproposeto dohereis to describetheexpositionof
a completediscoursefragment,thatwhich needsto beactivatedin thehearer’s mind sothathe
caninterpretthediscourse.

Chafe(1994) also describestopics in termsof activation, but he takes a ratherdifferent
approach.His perspective is not thatof theheareror analyst,but thatof thespeaker. For him,
topicsareaggregatesof

����� coherentlyrelatedevents,states,andreferentsthat areheld togetherin someform in
the speaker’s semiactive consciousness.A topic is available for scanningby the focus
of consciousness,which canplay acrossthe semiactive material,activation first onepart
andthenanotheruntil thespeaker decidesthat the topic hasbeenadequatelycoveredfor
whatever purposethespeaker hasin mind. (Chafe1994,page121)

Like van Dijk, Chafedefinesdiscoursetopicson the level of content,not on the level of
intentions.Chafe’sdiscoursetopicsarecomplex structures.Notably, thespeakerdecideswhich
events,states,andreferentssheneedsto aggretate.Discoursetopicsarein turn embeddedin
morecomplex hierarchicalstructures.Therecanbesupertopicsandsubtopics.

3.4.3 Summary

In this section,I havedrawn a sharpdistinctionbetweensentencethemesanddiscoursetopics.
Many functionshavebeenproposedfor sentencethemes;themostfruitful onefor ourpurposes
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is thatof contextual link: if a sentencehasa (marked or unmarked) theme,the thematiccon-
stituentshowstheaddresseehow to link thatsentenceto theprecedingdiscourse.This is easyif
thethemeis adiscourseentitywhichhasalreadybeenestablished,andeveneasierif thatentity
is salient.

No wonderthatgivennessplayssucha largerole in determiningpossiblethemes.But these
thematicdiscourseentitiesneednot beestablishedexplicitly by referringexpressions.If they
standfor propositions,it maybesufficient to just mentionthatpropositiononce.

In thefollowing example,thethemeis anevent,theexplosionof thelaboratoryof Unseen
University.

(3.7) Suddenlythelaboratoryburstinto flames.Thewindowssplintered;everybodyin the
courtyardranto seekshelter. Thecoloursof fire paintedhideouspicturesof demons
againstthepitchblacksky.

If communicatorandaddresseeknow eachotherverywell, thediscourseentityneednotevenbe
explicitly mentioned.In thefollowing example,two veryniceanddiscreetcolleagues,A andB,
arediscussingthebehaviour of another, completelydisgustingcolleagueC, in a meeting.The
first exchangeis aboutC’s habitof picking her teeth,while thesecondadjacency pair is about
theproposalsshemadeduringameeting,andthewayshedeliveredoneof them.

(3.8)

A: Do you agree,my dearB, thatpeoplewhopick their teethin meetings���	�
B: �	�	� arenot verywell educated?Yes,I do.

I mean,someof theproposalswerequitestartling
A: Any proposalthatis madethroughclenchedteethshouldberejectedoutright.

Discoursetopic, on theotherhand,cannotbereducedto singlediscourseentitiesaseasily
assentencethemes.Following ChafeandBrown/Yule, thetopic of a discoursesegmentis not
only whatthatsegmentis intendedto beabout—italsoconsistsof closelyrelatedconceptsand
contextual featuresthatareeasilyaccessiblebecauseof their closeconnectionwith the topic.
Thesediscourse-level topicsinfluencehow a discourseis organised,how discoursemodelsare
constructed,they activateexpectations.They evokesemanticscripts(whatwill betalkedabout
in thecontext of this topic?) andpragmaticscripts(how shouldwe talk aboutit?). The topic
of adiscoursecanalwaysbeidentifiedonametalinguisticlevel, andspontaneousdialoguesare
full of instanceswheretopicsarenegotiated;sometimes,it is in thesenegotiationsubdialogues
thattopicsaremadeexplicit for thefirst time.

To sumup,while sentencethemesshouldbediscourseentities,discoursetopicscanbecome
discourseentities. Hence,in structuralentity status,we shouldprotocolhow often andwhen
a discourseentity hasservedastheme,anddescribetheconnectionbetweena discourseentity
andthediscoursetopic, if it canbeestablished.

3.5 Summary

What is structuralentity status?How canwe describetherole thata discourseentity playsin
a givendiscourse?This hasbeenthe guiding questionof the extensive discussionspresented
in this chapter. Theshortansweris: It depends.Thelong answeris: Structuralentity statusis
explicatedby theanswersto threequestions:
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1. In which discoursesegmentsdoestheentityoccur?
Different theoriescover differentaspectsof the answer. For example,RST providesa
very detaileddescriptionof the structuralrelationsbetweendiscoursesegment,asdoes
thetheoryof vanDijk. Thetheoryof GroszandSidner(1986)is morespecificabouthow
thementionsof discourseentitiesin a segmentareprotocolled.Recently, Cristeaet al.
(1998)havealsoextendedRSTin this directionwith their VeinsTheory.

2. How is theentitylinkedto otherentitiesin thediscourse?
Mosttheoriesaresilentaboutthisaspect.Theonly goodwayof dealingwith thatquestion
arethetopicframework in thestyleof Brown andYule(1983)or Chafe’s(1994)discourse
topics,whichshow wherepotentialbridginglinks to otherentitiescanstemfrom.

3. Howcloselyis theentityconnectedto thespeaker’scommunicativeintentions?
This questioncanonly be answeredby a theoryof intentionalstructure,suchasthatof
GroszandSidner(1986).

Thediscussionin Section3.4,hasshown thatwecannotexpectthatthetopicof adiscourse
will beverbalisedexplicitly by a referringexpressionsometime duringspeaking—especially
not whenwe adoptthe definitionsof Chafe(1994)or Brown andYule (1983). Although the
topic of a discoursemay be availablefor the occasionaldiscoursedeictic reference,asin the
classicflashenlightenmentafterbroodinglong hoursover a difficult paper“So that waswhat
it was all about!”, we cannottake that for granted. What we can determineis whetherthe
discourseentity is a centralreferentin oneof thediscoursesegments,maybecalculatedalong
the lines of Levy (1982),andwhenit hasactedascontextual link betweentwo sentences,in
other words, when it hasbeenthe themeof a sentence.The more often a discourseentity
occurredin a stretchof discourse,andthemoreoften it servedasa contextual link, themore
fundamentalit will beto thediscoursemodelof thatpassage.

But thematicityis not theproperlevel on which structuralentity statusshouldbe defined.
Although themeis usefulin describingtherole anentity playsin discourse,it is not quite the
fundamentwe want. Rather, theconceptneedsto beexplicatedby a theoryof discoursestruc-
ture. In our review of several theoriesof discoursestructurein Section3.3, we found thatal-
thoughstructuralentitystatuscanbeexplicatedin all of them,neitheris comprehensiveenough
to provide a properfoundation. The theoryof GroszandSidner(1986) involvesa dedicated
level of intentionalstructure,but it doesnot provide descriptionsfor thesemanticmacrostruc-
tureof a text. The theoryof vanDijk, on theotherhand,bridgespsycholinguistictheoriesof
discoursecomprehensionandlinguistic approachesto discourse.With his superstructures,van
Dijk providesa formalismfor describinggenre-specificaspectsof discoursestructure.Which
theoryyou chooseultimatelydependson theresearchyouareaimingfor. Becauseit requiresa
veryfine-grainedpropositionalinput,vanDijk’ s theoryis completelyunsuitablefor all compu-
tationallinguisticsapplicationswhich strive to cover largeamountsof data.But togetherwith
Kintsch’sConstruction/Integrationmodel,it canbeusedto specifytheinput texts to psycholin-
guisticexperimentsor runningsmall-scalesimulationson toy discourses.

No matterhow we explicatestructuralentity status,we shouldnot make it into a pillar of
textual coherence.Moderntext linguistics(Nussbaumer1991)andmodernpsycholinguistics
(SanfordandGarrod1994)agreethat coherenceis constructedin the mind of the addressee.
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Referentialcontinuitysurelyhelpsin constructingacoherentrepresentationof thediscourse—
afterall, discoursemodelsaresupposedto beorganisedarounddiscourseentities—but, ase.g.
Givón (1995a)notes,therearemany otherlevelson which coherencecanbe established,not
leastspatiallyandtemporally.



4 The ManagementDimension

Thestatusof adiscourseentitynotonly reflectstherolethatit playsin adiscourse.Entity status
alsoprovidesinformationthatis necessaryto manageadiscourseentity. Thesetersestatements
susciteanumberof questionswhich I will try to addressin this chapter:

� Whatsortof managementinformationshouldentity statusprovide?(Section4.1)

� How doesthat informationrelateto theprocedurespeopleuseto construct,access,and
updatediscourseentities?(Section4.2)

� How havepreviousresearchersmodelledthemanagementof discourseentities?(Section
4.3)

In contrastto Chapter3, whereI strived to be ascomprehensive aspossible,this chapterfo-
cusesononeparticularperspectiveof lookingatdiscourseprocessing,thecognitiveperspective,
which is invokedoverandoveragainin theliterature.

4.1 What is the ManagementDimension?

In this section,I survey themain issuesinvolved in managingdiscourseentities. We cantalk
aboutthe managementof discourseentitiesin termsof algorithmsanddatastructures,or in
termsof cognitive models. I have chosenthe moreneutrallanguageof algorithmshere. The
sectionis dividedinto two parts.We begin with a brief overview of theempiricalphenomena
thatthemanagementof discourseentitieshasto dealwith (Section4.1.1).On this basis,I then
definein Section4.1.2themanagementoperationsthatentity statusneedsto support.

Noteon Terminology: Theterminologyin thefield of researchthatweareaboutto enteris as
muddledasin all fieldswith alongenoughresearchhistory. Unsurprisingly, theterm“anaphor”
hasthreevery distinct meanings(Hoffmann2000). In rhetorics,it is a figureof repetition,in
GovernmentandBinding theory, it designatescertaintypesof pronouns,suchasreflexivesand
reciprocals,andfinally, in discoursestudies,it meansa device for pointingbackin a text; the
favouritesuchdevicestudiedin thefield is thecommonpronoun.

Here,we focuson thethird meaning:anaphoricexpressionsareexpressionsthatpointback
to somethingthathasbeenmentionedalreadyin theprecedingco-text. Someresearchersdistin-
guishbetweenanaphoricanddeicticexpressions:anaphoricexpressionsmaintaintheactivation
of adiscourseentity, while deicticexpressionsrefocustheattentionof anaddresseeonanentity
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(Bosch1983,Ehlich1982).I will usetheterm“anaphors”for bothtypesof expressions.More
precisely, anaphors (singular:anaphor)areall expressionsthat1

1. point to a stretchof discoursein theprecedingco-text. Thestretchof discoursethatan
anaphorpointsbackto is calledits sponsor.

2. that standin somesort of relationto its sponsor. If the sponsoris an NP andboth the
anaphorandthesponsorco-specifythesamediscourseentity, thenthesponsoris called
theantecedentof thatanaphor.

Sequencesof co-specifyingexpressionsform co-specificationsequences. 2 In orderto distin-
guishbetweendiscourseentitiesthat areonly mentionedonceandentitiesthat arepart of a
properco-specificationsequence,I will call the former deadendandthe latter tracking, using
thepicturesquetermsof Biber (1992).

4.1.1 The Linguistic Domain

Froma linguisticpointof view, thereferringexpressionsthatacommunicatorusesshouldhelp
theaddressee

� establishthecorrectreferentsandassignthesentencesthecorrecttruth-conditionalinter-
pretation(to theextentthatit is relevantto successfulcommunication).

This aspecthasbeeninvestigatedin greatdetailby semanticists,in particularthosewho
work in theframework of dynamicsemantics(KampandReyle 1993,Heim1983).For a
recentintroductionsee(Heim andKratzer1998,esp.Chapter9). Bosch(1983)surveys
somerelevantdata.

� constructthetext asa coherentwholeandidentify all relevantcommunicativeacts.

On theneo-Griceanside,Levinson(1987,1991)andHuang(1993)haveprobedwhether
syntacticBinding Theory can at least partly be replacedby conversationalimplica-
tures. Dale andReiter(1995)basetheir algorithmfor generatingreferringexpressions
on the Griceanmaxims. In the framework of RelevanceTheory (Sperberand Wil-
son 1995), an early paperis (Kempson1988); more recentwork includes(Breheny
1997,FiguerasSolanilla1998).

To dwell on thesetwo tasksfurtherwould leadustoo far afieldhere.Instead,let usdiscuss
someof theproblemsthatcanoccurwhenpeopleneedto performthemonthebasisof linguistic
datageneratedby others.I donotaimto survey thesolutionsthathavebeenproposed,aswell—
thiswouldleadustoofarafieldhere.I focusontwo aspects:constraintsontheform of referring
expressionsotherthanentity status,andthe relationbetweentheanaphorandtheco-text that
sponsorsit.

1This definitionowesa lot to discussionswith DonnaByron.
2Sinceexpressionsthat specifydiscourseentitiesdo not necessarilyrefer (c.f. Chapter2), I could have re-

namedreferringexpressions“specifyingexpressions”.I refrainedfrom thatstepbecauseI regardit asunnecessary
terminologyoverload.
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Constraints other than Entity Status

The mostbasicconstraintis exertedby the linguistic optionsof a given language:whetherit
distinguishesbetweenstressedandunstressedpronouns,whetherit hasarticles,whetherit al-
lowsto droppronouns,whetherit distinguishesgrammaticalgender, whetherit indicatesswitch
reference,andso forth. For a typologicaloverview of pronominalsystems,seeWiesemann
(1986).This meansthatalgorithmswhich maplinguistic formsontoinstructionsfor managing
discourseentitieswill differ dependingon the languagethey have beendevelopedfor. How
large that differencewill have to be, if it amountsto a mereflick of a parametersetting,as
generativistswould have it, or whetherit requiresdeep-seatedchanges,is anopenquestion;it
canonly be answeredby dedicatedfunctionalcomparative research.3 To make matterseven
morecomplicated,the linguistic meansfor referringbackto somethingarenot limited to pro-
nouns,noun phrases,and nouns. Suchexpressionscan also be adverbsor verb phrases,as
Braunm̈uller’s (1977,Sections1.1.1–1.1.6)taxonomyof pro-formsshows.

In orderto determinewhich principlesunderliethe bewildering variety of forms andsys-
tems,we would needto delve deepinto typologicalstudies,which show how pronominalsys-
temscanbe organised,and into diachronicstudies,which show how they evolve over time.
From a functionalistpoint of view, it is temptingto searchfor theseprinciplesin the mecha-
nismsof referring. This is what Ariel (1988)hasdone. Shearguesthat systemsof referring
expressionsareorganisedaccordingto averysimpleprinciple: thelessaccessiblethediscourse
entity, the morephonologicalmaterialthe form of the referringexpressionneedsto contain.
Pronouns,which containvery little semanticmaterial(often just genderandnumber),tendto
be very short, while nounsand noun phrasesare longer. The longer a NP is and the more
modifiersit contains,the more information it can potentially convey. Ariel countsstressas
additionalphonologicalmaterial. By this move, shecanaccountfor the finding that the an-
tecedentsof stressedpronounsareusuallyfartherbackin thediscoursethanthoseof unstressed
ones,which is corroboratedby (Givón1983b).Wewill comebackto Ariel’sproposalslateron,
whenwediscussheraccessibilitytheoryon pages80f.. To evaluateherclaimsaboutthearchi-
tectureof pronominalsystemsproperlywould leadustoo far afieldhere.Althoughtheamount
of linguistic materialwhich needsto bepresentedto theaddresseecertainlydetermineswhich
referringexpressioncanbeusedwhen,accessibilityalonecannotaccountfor thevariationthat
wesee.

Syntax: Avid functionalistsvividly deny that someconstraintson the form of anaphorscan
only be expressedvia syntax. But exactly that is the centraltenetof the Binding Theoryof
generative grammar(Chomsky 1981,Fanselow andFelix 1987,Sternefeld1993). Thecentral

3In this respect,muchresearch,in particularin formal semantics,is extremelylimited, becauseit adheresto
thetime-honouredprinciple to take any language,say, English(or Dutchor German,to befair, but thatdoesnot
make too muchof a difference). In principle, the resultingformalismsshouldnot be affectedtoo muchby the
choiceof language,but it is temptingto justify certainconstructsby claimingthatthey explain theuseof thebare
NP or thedefinitedeterminerin English,arguablyoneof themostwidely spokenlanguagesof theworld, but still
only oneamongthousands.Of course,theverysamedeplorablelimitationsapplyto thestudiesthatI will present
in Chapters6–7;thedatarepresenteducatedAmericanEnglishandStandardHigh German,hardlylanguagesthat
suffer from lack of attentionby researchers.To conducta typologically moresatisfyingstudywasbeyond the
scopeof this thesis,not leastbecauseany comparative functionalresearchfacesmany methodologicalproblems
(Chesterman1998).
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observation is that sometypesof pronouns,suchas reflexives, needto be boundby an an-
tecedentin their immediatesyntacticvicinity. To give anideaof themachinerythat is needed
to formalisethis observation, I will presenta shortsummaryof theclassicalGovernmentand
Binding (GB) binding theoryasdescribedby Haegeman(1994,Chapter4). First, we needa
specialstructuralrelationon syntaxtrees,c-command, which is usedheavily in GB theory.

Definition 4.1(c-command) A nodeA c-commandsa nodeB iff
(i) A is nota daughterof B in thesyntactictree
(ii) B is nota daughterof A
(iii) thefirstbranchingnodethat is a motherof A is alsoa motherof B

Reflexivesandreciprocalsarebound. In generative theory, only thesetwo typesof pronouns
arecalledanaphors.Binding is definedasfollows:

Definition 4.2 Binding A binds B iff A c-commandsB and A and B are co-indexed, that is,
share thesamereferent.

Now, wecanformulatethethreeprinciplesof BindingTheory:

Principle A (anaphora): An anaphorX mustbe boundin the smallestdomainthat contains
X, the governor of X and either a subjector an abstractagreementelementspecified
for numberandgenderthatoccursin subjectpositionwhich is co-indexedwith X. This
domainis alsocalledthegoverning category.

Principle B (pronouns): A pronounmustbe fr ee in its governingcategory. Freemeans‘not
bound’.

Principle C (other referring expressions):All other referring expressionsmust be free ev-
erywhere.

In Example4.1, thesubject“The Lecturerin RecentRunes”is co-indexedwith the transitive
objectof theverb“to shave”. It is thesubjectof themajorclauseto whichtheverbis associated.
Thatclauseis thedomainin which thetransitive objectmustbebound,andtheonly available
subjectis theLecturer. If theobjectof “to shave” is ananaphor, suchasareflexive,PrincipleA
stipulatesthat it mustbeco-indexedwith our specialistin RecentRunes,becausetheanaphor
mustbeboundin thatclause.If, on theotherhand,theobjectis a pronoun,thenthatpronoun
mustbefreein thatclause,andhence,it maynotbeco-indexedwith theLecturer.

(4.1) [TheLecturerin RecentRunes]� shaves[himself]� .

Thesethreeprinciplesareof coursenot the last word on Binding Theory, and the extent to
which they applyis still debated.For example,Levinson(1991)arguesthatalthoughPrinciple
A maybetruly syntactic,PrinciplesB andC canbemotivatedpragmaticallyusinggeneralcon-
versationalimplicatures(GCI). TheseGCIspositstrongbut defeasibledefaultsfor interpreting
referringexpressions.
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SocialConstraints: Finally, let mementionsomeconstraintsthatarediametricallyopposed
to theBinding Theorywe have just discussed—socialconventions.As thefollowing example
demonstrates,socialandstylistic conventionscanbesostrongthatthey preventtheuninitiated
from resolvingpronounsto thecorrectdiscourseentity:

(4.2)

JuliusCaesar: NachdemVercingetorixvon denGalliern geschlagenwar,
legte er seineWaffen dem ruhmreichenFührer zu Füßen
[ �	�	� ]

Roman1 (to Roman2): Von wemredeter?
Roman2: Von sich.Er sprichtvon sichhäufigin derdrittenPerson.
Roman1 (to Caesar): Er ist großartig!
Caesar: Wer?
Roman1: Na Ihr!
Caesar: Ach, Er!

from (Goscinny andUderzo1971/1974)

Pronounsare used to draw lines between“us” and “them” (Brown and Gilman 1960,
MühlhäuslerandHarŕe 1990).NorbertEliasputsit this way:

Der Satzderpers̈onlichenFürwörterrepr̈asentiertdenelementarstenKoordinatensatz,den
mananalle menschlichenGruppierungen,analle Gesellschaftenanlegenkann.Alle Men-
schengruppierensich in ihrendirektenund indirektenKommunikationenmiteinanderals
Menschen,die in bezugauf sichselbst“Ich” oder“Wir” sagen,die “Du”, “Sie” oder“Ihr”
in bezugaufdiejenigensagen,mit denensiehierundjetztkommunizierenund“Er”, “ Sie”,
“Es” oder, im Plural,“Sie”, in bezugaufDritte, die momentanoderdauerndaußerhalbder
hierundjetztmiteinanderkommunizierendenPersonenstehen. (Elias1970,page133)

Although the first- and second-personpronounsthat Elias mentionsare not regardedas
anaphoricin mostof theliterature,they neverthelessspecifydiscourseentities,andtheirusehas
socialimpact. Not only do socialstructuresinfluencewho getsreferredto by which referring
expressions,therearealsoclass-specificstrategiesfor structuringco-specificationsequences.
For example,Hemphill (1989)foundthatworking classgirls tendedto maintainthediscourse
topicby pronominalanaphoraandellipsesacrossspeakerturns.Middle-classgirls, ontheother
hand,tendto restatethetopicwith a full NPwhenthey mentionit for thefirst time in a turn.

RelationsbetweenReferring Expressionand Co-Text

Therearethreebasictypesof relationsbetweena referringexpressionandits co-text:

1. it accessesadiscourseentity thathasalreadybeenestablishedin thediscoursemodel,

2. it is linkedsomehow to otherdiscourseentitiesin theco-text, suchaspart-wholerelations,

3. it mentionsa completelynew discourseentity.

On thefollowing pages,wewill discusseachof themin moredetail.
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The BaseCase: Identity. The relation betweenanaphorandantecedentor sponsoris not
alwaysstraightforward. Even if both accessthe samediscourseentity, their linguistic forms
canbe relatedin threefundamentallydifferentways: morpho-syntactically, semantically, and
pragmatically(Braunm̈uller 1977,Cornish1986).Wehavesyntacticrelationswhentheseman-
tics of the anaphoricexpressionis largely determinedby the semanticsof the antecedent.In
Example4.3,expression3 standsin suchasyntacticrelationto expression1. Cornishexplicitly
restrictsthis relationto grammaticalmorphemeswhich functionasanaphora,suchaspersonal
andpossessive pronouns.Semanticrelationsrely on lexical semanticrelationsbetweenrefer-
ring expressions,suchashyponymy, hyperonymy, andsynonymy. For example,“book” (re-
ferring expression4) is a hyperonym of “grimoire” (expression2). Cornishfiles anaphorathat
repeattheheadnounof theantecedentexpression,or full NPsthattakeupanearlierverb,under
the category “other anaphora”,but if we allow for a richer setof possiblesemanticrelations,
onethatalsocoversrepetitionsandmorphologicalderivations,wecanalsoclassifythesecases
undertheheading“semanticrelation”.

Finally, therearethoserelationsthat canonly be establishedby world knowledge. If you
have not readAppendixA.2 already, or if you arenot familiar with theworksof Terry Pratch-
ett, you shouldhave problemsin establishingthe link betweenexpression8 (“the ape”) and
expression3, which accessestheentitycorrespondingto theLibrarianof UnseenUniversity.

(4.3) [The Librarian of UnseenUniversity]� gently dusted[the old grimoire]� . [He] $ put
[the book]% backon [the shelf]& . [The cover]' hadbeenreally dirty, but now [it] (
gleamedbeautifully. [Theape]) waspleasedwith [[his] �+* work] , .
Suddenly, [the Librarian]�-� heard[footsteps]�+� . [A student]�+$ emerged from [the
darkness]�.% to ask[him] �+& a question.[They] �+' talked for a while, then[he]�/( went
backto work, polishinganddusting.

In fact,writersoftenusedefinitesin orderto recallpragmaticinformationaboutadiscourse
entity. Definitedescriptionscanbeanalysedasa function that is appliedto a discourseentity
(Löbner1985,Fraurud1990); this function canpredicatepropertiesof that entity which the
addresseedid not know yet, but hasto infer from conventions.Whetherthatattemptsucceeds
dependslargely on whetherthe requiredpragmaticrelationsareknown to the addressee.For
example,if youdid notknow Anguaasawerewolf, only asamemberof theAnkh MorporkCity
Watch,andif I wereto sayto you: “Oh, I saw our little werewolf lastnight. It wasfull moon
again.”, you would becompletelypuzzled.Thefollowing exampleis anotherniceillustration,
with ascholarlycommentby an(initially) puzzledlinguist:

Example:����� Mr Hart’s campaignin Washingtonhaseffectively acknowledgedthat if the senator
is to gain the nomination,it will not be in the primariesandcaucuseslying ahead.(The
Guardian,21.4.84,page8)
Comment:
Indeed,whenI originally readthearticlefrom which (30)a,for example,is taken,I imme-
diatelytook thesenatorto referto someotherindividual thanMr Hart,but quickly revised
this interpretationon finding that therewasno othernamedor inferableindividual within
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thediscoursecontext whichit mightcoherentlydescribe.It is importantto remember, how-
ever, thatanaphorsoftenindirectly inform theaddresseeof somepropertyof their referent,
of which they maypreviously have beenunaware.

(Cornish1986,Example30(a),page24;Footnote9, page33)

In general,theexpressionsthatpeopleuseto specifydiscourseentitiesdependvery much
on their currentsituationmodeland in particularon the setof beliefs that they hold. These
problemshavealsobeendiscussedundertheheading“point of view”. Whenresolvingreferring
expressionsin a stretchof discourse,it is importantto know the“psychologicalpoint of view”
of thepersonfrom whoseperspective thediscourseis written; analgorithmfor resolvingsuch
referencescanbefoundin (Wiebe1994).

Bridging: It becomeseven moredifficult to establisha connectionto the co-text whenthe
anaphoris associative, in otherwords,whentheanaphorevokesa new discourseentity which
is linkedto otherdiscourseentitiesin theprecedingco-text (Clark 1977,AsherandLascarides
1998,Charolles1999).Forexample,theNP“thecover” (expression6 in example4.3)standsfor
“thecoverof thebook”. It canonly beresolvedbysomebodywhoknowsthatbookstendtohave
covers. Similarly “the shelf” (expression5): Bookstendto be storedon shelves. Suchcases
have alsobeencalledbridging or textual ellipsesin the literature. The term“textual ellipsis”
points out the fact that the communicatorhas ‘elided’ a term that explicitly establishesthe
relationbetweenanaphorandco-text. In theremainderof thisthesis,I will usethetermbridging
for thephenomenonitself becauseit is thetermthat is mostoftenusedin thepsycholinguistic
literature,andassociativeanaphorfor theanaphoricexpressionsthatneedto beresolvedusing
bridginginferences.

Many scholarshave attemptedto classifybridging relationsinto typesaccordingthe con-
nectionbetweentheanaphorandits sponsor. Examplesfor sometypicalbridgingrelationscan
befoundon page102f.. Clark (1977)arguesthatsuchclassificationmaybepointlessbecause
they cannever hopeto beexhaustive. What is importantfor resolvinganassociative anaphor
is thata bridgebetweenanaphoranda sponsorin theco-text canbe foundat all, not that the
bridgeis of a specifictype. Sometypesof bridgingrelationshave receivedparticularattention
in the literature,eitherbecausethey touchon interestingsemanticproblems,or becausethey
canbe modelledusing relationssuchasmeronymy or hyponymy that area stapleof lexical
semantics.

Plurals: Formalsemanticistshave long beeninterestedin theresolutionof plural pronouns.
(Kamp andReyle 1993,Chapter5) discusssomeof the problemswith pluralsin the light of
DiscourseRepresentationTheory. For example,expression16in Example4.3refersto boththe
Librarianandthestudent.A relatedquestionis: Underwhichconditionscanweuseapronoun
in orderto referbackto oneof theconstituentsof a coordination?Thepronounin expression
17eventuallyresolvesto theLibrarian,but only aftertherestof thesentencehasdisambiguated
thereference.

Evolving Entities: Sofar, wehavebeendiscussinghow discourseentitiesareinitialised(first
mentions)andaccessed.However, onecrucialoperationis still missing:updates.A discourse
entity canchangeduringa discourseup to thepoint that it ceasesto exist asa separateentity.



4.1
0

Whatis theManagementDimension? 63

Theexamplesfor suchevolvinganaphors typically revolve aroundtwo question:How do we
referto transvestites(Example4.4),andhow long is achickenstill achicken(Example4.5)?In
thefirst example,we canreferbackto JuliusMaria N. after therevelationthatheis femaleby
two pronouns:malesingularandfemalesingular. Themalepronounwould point to theinitial
description,thefemalepronounis licensedby therecentdiscoveryof his/her(?) truesex. In the
secondexample,thechickenis still availableasadiscourseentity, eventhoughit haslongsince
ceasedto bea coherententity in real life. Recentresearchcentreson thedegreeof ontological
change(or, in thecaseof theunfortunatechicken,decomposition)thata discourseentity must
undergo beforeit cannotbereferredto by apronounanymore(Kleiber1997).

(4.4) DurchdieBelästigungunseresChemieassistentenJuliusMariaN. wurdevonunserer
Verwaltung festgestellt,daßessich bei ihm um eineAssistentinhandelt. (Wittich
1976/1986,page52)4

(4.5) Kill anactive,plumpchicken.Prepareit for theoven,cut it into four piecesandroast
it with thymefor 1 hour. (Brown andYule1983,Example16,page202)

First Mentions: At first sight, it appearsintuitively clearwhich referringexpressionscount
asfirst mentions,andwhichdonot. But whenwesetout to determinefirst mentionsin data,the
picturesuddenlybecomesblurred.Whataboutcoordinationswhereall of thecoordinatedNPs
have never beenmentionedin thediscoursebefore?Do they establishnew discourseentities?
What aboutNP modifiers,suchas“Firth” in “the Firth School”? What aboutNPsthat occur
in idioms, suchas “a stroll” in “to take a stroll”, or “a few more pages”in “to write a few
morepages”?TheseopenquestionsledBehrensandSasse(1999)to concentrateonly on those
referringexpressionsthat referbackto analreadyestablisheddiscourseentity, discardingfirst
mentionsalmostentirely. I call this problemthe initialisation problem:Whendoesa discourse
entity becomeavailablefor anaphoricreference?In dialogueresearch,this problemhasalso
beenanalysedunderthelabelof “grounding” (c.f. e.g.Traum1994,PoesioandTraum1997).

A particularlyinterestinginstanceof theinitialisationproblemareanaphoricislands(Postal
1969,Ward,SproatandMcKoon1991). Originally, Postal(1969)claimedthatanaphorscan-
not have antecedentsthataresomehow partof lexical items. He calledtheseitemsanaphoric
islands. In particular, this would imply that it is not possible(or at leastextremelydifficult)
to refer backto a part of a compoundor the sourceof a derived word. But thereareplenty
of exceptionsto this rule. In thefollowing example,thefirst exampleis clearlyout, while the
othershave all beenclaimedto be acceptable,at leastidiolectally (Douloureux1971,Corum
1973):

(4.6) * Theblondegot it caughtin thefan.vs.
Thegirl with theblondehair got it caughtin thefan. (Postal1969,Example8)
(Germanequivalent:DerBlondinehatessichim Fön verhakt.
DemMädchenmit demblondenHaarhatessichim Fön verhakt.)

(4.7) McCarthyitesarenow puzzledby his intentions.(Postal1969,Example42)
(Germanequivalent:Kantianersindmittlerweilevon seinenSchriftenverwirrt.)

4Becauseof theharassmentof ourchemistryassistantJuliusMariaN., it wasdiscoveredby ouradministration
thatheis in facta femaleassistant.
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(4.8) Whenlittle Johnny threw up, wasthereany pencil-eraserin it? (Douloureux1971,
Example7d)
(In Germanequivalent,adverb insteadof pronoun:Als HänschenKlein kotzte,war
daRadiergummidrin?)

Oakhill andGarnham(1992)hadsubjectsjudge the acceptabilityof somedoubtful casesof
anaphoricreference,which includedanaphoricislands. They report that subjectstendedto
rejectthemaspoorstyle.This resultpartially validatesPostal’s (1969)initial intuition.

After this excursionontoremoteanaphoricislands,let usnow returnto normalcy—or what
researchershavearguednormalcy to be.Theprototypicalfirst mentioncomeswith anindefinite
article (Heim 1983,Kamp 1981). Weinrich (1976,page168f.) postulatesthat the indefinite
article directsthe attentionof the addresseeto what follows, while the definitearticle directs
his attentionto whathascomebefore.This receivedwisdomhasbeenshatteredrepeatedlyby
corpusstudies;oneof thebest-known of theseis probably(Fraurud1990).Shefoundthatmost
of thedefinitedescriptionsin hercorpusof newspaperarticleswerefirst mentions.Furthermore,
definitestendto bepreferredasfirst mentionsif thediscourseentity is thebeginningof a co-
specificationsequence.Thesefindingsarecorroboratedby thecorpusstudiesin Chapter6 and
AppendixC. Whatcouldcommunicatorsintendwith this pattern?

To get an ideaof the possibleanswer, we needto go back to semanticresearchinto the
meaningof definites.Thereis a long-standingcontroversybetweensemanticistsaboutwhether
a definitedescriptioncanonly beusedfelicitously whenits referentis unique,or whetherthat
referentneedsto beidentifiable(Lyons1999).Theuniquenesshypothesis,whichcanbetraced
backto (Russell1919/1993),statesthatthereis oneandonly onereferentto which thedefinite
descriptionrefers.Thefamiliarity (or identifiability) tradition,on theotherhand,assumesthat
thedefinitedescriptioncontainsenoughinformationfor theaddresseeto identify thereferent.I
will notattemptto arguefor oneof thepositionshere.Let mejustspelloutwhatthey meanfor
first-mentiondefinites.On the identifiability hypothesis,thesedefinitesprovide theaddressee
with enoughinformationto immediatelyidentify the referentof theexpression,to constructa
new discourseentity with stronglinks to theprecedingco-text or the largersituation(c.f. also
thetypologyof definitereferringexpressionsdiscussedin Hawkins 1978). On theuniqueness
hypothesis,thereferringexpressionprovidessufficient informationsothattheaddresseecannot
confusethediscourseentity it evokeswith other, alreadyexisting ones.Thus,no matterwhat
hypothesisyou subscribeto, it intuitively makessensethat many co-specificationsequences
startwith adefiniteNP—whenever thatis possible,of course.

It is commonfor definitedescriptionsto occurasfirst mentionsof adiscourseentity (Frau-
rud 1990),but not for pronouns. Suchfirst-mentionpronounshave received muchattention
from psycholinguists(Oakhill, Garnham,GernsbacherandCain1992,Gernsbacher1991,Car-
reirasandGernsbacher1992),who dubbedthemconceptualanaphora. Table4.1 summarises
thethreetypesidentifiedby Gernsbacher(1991).Thesefirst-mentionpronounsaresocommon
that native speakershardly judgethemungrammaticalanymore,althoughprocessingis more
difficult for thoseconceptualanaphorsthatdonot referto collectivesets.
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Type Example
multiplyoccurringitemor I needaplate.
frequentlyoccurringevent Wheredo youkeepthem?
generictype I wasreally frightenedby aDobermann.

They aredangerousbeasts.
collectivesets Lastnight wewentto hearanew jazzband.

They playedfor nearlyfivehours.

Table 4.1. Typesof conceptualanaphoraafter (Gernsbacher1991); examplesfrom (Oakhill
et al. 1992,Table1, page261)

4.1.2 The ProcessingDomain

In theprecedingsection,wediscoveredaveritablebestiariumof referringexpressionsandtheir
uses.Wesaw thattherearemany otherconstraintsontheform of referringexpressionsthanen-
tity status,andwefoundabewilderingnumberof relationsbetweenanaphoraandtheirsponsors
andantecedents.Fromtheoverview, threemainoperationson discourseentitiesemerge: ini-
tialise,access,andupdate.Eachparticipantin thediscoursehasherown discoursemodelbased
on herPersonalExperienceTheory;this is thesourceof thepoint-of-view problemsdiscussed
earlier.

Whennew discourseentitiesare initialised, theentity is created,andan initial description
is constructedon thebasisof thereferringexpressionandadditionalknowledgefrom memory.
Webber(1981) emphasisesthat it is important to constructcogentinitial descriptions. The
reasonfor this is simple: the morean addresseeknows abouta discourseentity, thebetterhe
canidentify it whenit returnsin thediscourse.Whatkind of informationdo we needfor this
initialisationprocedure?

1. We needto know how much informationthereis in the referringexpressionitself and
whetherwe needto retrieve additionalinformationandwherewe might look for it. Pro-
nounsvery likely requirespecialstrategies,anddefinitedescriptionsshouldsendtheal-
gorithmscurryingfor a fitting placein thecurrentmentalmodel(Johnson-Laird1983),
especiallyif they areshort. In AccessibilityTheory, theform of thereferringexpression
woulddeterminetheradiusin whichpotentialantecedentsaresearched.

2. We needto know whereand how the new entity is supposedto fit into the discourse
model. Doesit fill a slot in anactivatedschema?Doesit trigger inferencesto establish
coherence?How is it linkedto other, existing,entities?

The necessaryinformation for the secondpart, the integration into the discoursemodel,
shouldcomefirst andforemostfrom the discoursemodel itself; the structuralentity statusof
alreadyestablishedentitiesis a secondarysourceof relevantdata. Thefirst part, determining
how muchinformationthereferringexpressionyieldsanddecidingontheprocessingstrategies
to try—thatis puremanagement.

Whenadiscourseentity is accessed, weneedthefollowing information:
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1 knowledge aboutthe entity. Underthat heading,I subsumeall that we know aboutthe
discourseentity, in particular, all thathasbeenpredicatedaboutit in thediscourse.

1 co-text: relateddiscourseentities.Sincediscourseentitiesarelinkedvia co-occurrence
relationsandbackgroundknowledge,oneentity canserve astheaccessrouteto another.
Suchconnectionsarenecessarywhenever anaphoricandantecedentexpressionarere-
latedneithersyntacticallynorsemantically, asin thefollowing example.

(4.9) GerdandMaria, two researchersat thesameinstitute,go for a swim together
every now andthen. [Gerd]2 swimsslowly, but steadily. That’s why [Maria’s
colleague]2 prefersto go swimmingwhenthepool is lessfull.

The secondexpressionthat refersto Gerdis not a pronoun,althoughthat would be al-
lowedhere;instead,thereaderhasto activatetheappropriateconnectionvia Maria.

1 context: relateditemsor knowledge schematain a long-termstore. For otherpragmatic
andall semanticrelations,suchashyponymyor meronymy, weneedto accessknowledge
thatis keptin a long-termstore.In Example4.9,thereadercouldalsohave identifiedthe
referenceto Gerdcorrectlyif hehadassumedthatslow swimmersdon’t like full pools.

1 salience. Thisvariableis computedby many resolutionalgorithms(for aclassicexample,
seeLappin and Leass1994). It forms an importantpart of almostall theorieswith a
cognitive basis.Sincetherearepotentiallyinfinitely many links to co- andcontext, and
sincemuchinformationcanbestoredaboutadiscourseentity in thecourseof a long text
or conversation,we shouldhave somekind of salienceorderingon thosethreekindsof
informationaswell.

Finally, weneedto updateourdiscourseentities,addingnew information,new connections
to other entities,and changingthe activation of both the entity itself and the threekinds of
accessinformationthatwe have identified.Thecaseof evolving anaphorshasshown thatnew,
contradictoryinformationaboutan entity shouldnot necessarilyoverrideold information. In
otherwords,weneedto tracehow andwhentheentity changesduringthediscourse.

What I have presentedon theprecedingpagesis not a theoryof how discourseentitiesare
managed.Rather, it describeswhatsucha theoryshouldbeableto explain—atthevery least.

4.2 How do PeopleProcessTexts?

Justas I have evaluatedseveral theoriesof discoursestructurewith respectto what they say
aboutstructuralentity statusin Section3.3, I will now review a few psycholinguistictheories
of discourseprocessingto seewhat they cantell usabouthow discourseentitiesaremanaged.
Why this focuson cognitive theoriesinsteadof on semanticsor pragmatics?First, asI have
alreadymentioned,many theoriesof entity status(or “givenness”)usetermsfrom cognitive
psychology, suchas long- or short-termmemory. Suchtheoriescan only profit (and some
havealreadyprofited)from lookingbehindthefolk-psychologicalinterpretationof theseterms.
Second,psycholinguisticsis anexperimentalscience.Oncea theoryof entity statushasbeen
couchedin termsof apsycholinguistictheory, awholenew arrayof methodsbecomesavailable
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to testit. Finally, in thepartof thecomputationallinguisticsliteraturethatspeaksof discourse
entities,researcherstendto assumethat somethinglike discourseentitiesarenot only needed
for the computationalrepresentationof a discourse.They arealsoneededfor modelling the
mentalrepresentationof adiscourse.

The remainderof this sectionis structuredinto threeparts. First, in Section4.2.1, I very
briefly review the cognitive foundationsof discoursecomprehension:the structureof mem-
ory andthe inferencespeopledraw in processingdiscourse.I thenreview two approachesto
theprocessesof referringexpressions(Section4.2.2): theMentalModelsperspective,andthe
ScenarioMappingandFocus(SMF) perspective. In Section4.2.3, I comparewhat the two
perspectivescantell usaboutthemanagementof discourseentities.

4.2.1 CognitiveFoundations: Memory and Infer encing

Let usstartwith themostbasicquestion:Whatis it thatwearesupposedto retrieveknowledge
from andstoreknowledgein? What is memory? In fact, nobodyknows for sure(Glenberg
1997),but therearesomefairly standardworkinghypotheseswhicharesurveyedin greatdetail
by Baddeley (1998).His work will bemy mainsourcefor thefollowing paragraphs.

Thereareat leasttwo componentsof memory:a short-termstorage(STS)anda long-term
storage(LTS). The contentof the LTS is often referredto collectively asworld knowledge in
discoursecomprehensionresearch,andshort-termstorageis referredto asshort-termmemory,
althoughBaddeley arguesthat this term shouldbe reserved for a certainsetof experimental
techniques.

Working Memory: The STSactsassomekind of working memory: it storesa very small
amountof informationthat helpsperformthe cognitive tasksat hand,suchasdiscoursepro-
cessing.Baddeley (1998)proposesthatthisworkingmemoryis modular. It consistsof acentral
executive,which in turn controlsa numberof subordinatedsystems,suchasa visuo-imaginary
scratchpador thephonologicalloop. Thismultitudeof subsystemsappearsnecessarysincesev-
eral taskscanrun in parallelin working memory. Whentasksaresimilar enoughto interfere,
or whentherearetoo many tasksat thesametime, performance,in particularreactiontimes,
on thesetasksfalls. Thecentralexecutivecontrolsandcoordinatestheseconcurrenttasks.Fol-
lowing NormanandShallice(1986),Baddeley assumesthattheavailablecapacityis distributed
amongthesetasksby two mechanisms:an automaticcontentionscheduleranda supervisory
attentionalsystem(SAS) that canmodify or interruptbehaviour “at will”. The phonological
loop is subdividedinto anarticulatorycontrolprocessanda phonologicalstore. Thearticula-
tory controldoesnot dependon peripheralmuscles;thereforeit hasbeensaidto control“inner
speech”,speechat a stadiumwheremotorcommandsarestill merelyplanned.It is alsoactive
in readingcomprehension,feedingreadmaterialinto thephonologicalstore.

Whentheworking memoryof a personis small, it will be difficult for her to processdis-
course(DanemanandCarpenter1983,JustandCarpenter1992). The reasonis given in the
following citation, which at the sametime providesa bird’s eye view of the complexities of
mentaldiscourseprocessing:
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Theworking memorysystemis supposedto beimplicatedin text comprehensionbecause
of its capacityfor simultaneousstorageandprocessingof information. During text com-
prehensionthesesimultaneouscapabilitieswill be neededbecauseof the requirementto
recognisewords,retrieve their meanings,andparsesentences,while simultaneouslyinte-
gratingthecurrentsentencewith whathasgonebefore,andderiving an integratedmodel
of thetext asawhole. (Oakhill 1996,page79)

Thecapacityof working memorydiffersfrom personto person(JustandCarpenter1992),
sothatany simulationof thatpartof memorywill needto includecapacityasa parameter. Ex-
amplesof suchasimulationin thecontext of computationallinguisticscanbefoundin (Walker
1993,Cahn1998).

Fromthisbrief review, wecanderiveseveralconsequencesfor themanagementof discourse
entities. Firstly, a terminologicalquibble—it might be betterto stoptalking aboutshort-term
memoryandstarttalkingaboutworkingmemory, keepingin mindthecomplex structurejustde-
scribed.Second,it doesnotmakesenseto go througha text andstatethatthis or thatdiscourse
entitywill surelybein workingmemory. Workingmemorywill bestrainedby many otherpro-
cessesthanresolvinganaphoricreference.In orderto predictwhatwill bein working memory
when,weneedto modelthesecomprehensionprocessesin moredetail,andweneedto statethe
capacitythatour simulatedaddresseeis supposedto have. TheConstruction-Integrationmodel
of Kintsch (1988)makesquite detailedpredictionsabouttheseaspects,which have alsobeen
incorporatedinto a simulation. The main downsideof this model is, however, that coding is
veryelaborateandtime-consuming,astheworkedexamplein (Kintsch1985)shows.

World Knowledge: The short passagequotedfrom (Oakhill 1996) highlights two further
problemsin text comprehension:which inferencesneedto be madeat what point, andhow
doestext comprehensioninteractwith thelong-termstore(LTS)?Wewill discusseachof these
two issuesin turn,beginningwith LTS.

Justlike working memory, the long-termstoreis by no meansa monolithic unit. There
appearsto be a semanticmemory, whereknowledgeis stored,episodicmemoryfor events,
andproceduralmemoryfor sequencesof actionsandskills. This tripartite division roughly
correspondsto that proposedby Tulving (1985). Neuropsychologicalevidencesuggeststhat
thereis a separateautobiographicmemoryfor the eventsof one’s own life (De Renzi,Liotti
andNichelli 1987). How knowledgeis organisedis anothercontentiousarea.A conceptfrom
Artificial Intelligenceresearchthat is still popularwith psycholinguistsis theschema(Schank
1977,Schank1982,Minsky 1975,NormanandRumelhart1978).Schemascanbecharacterised
asfollows:

1. they havevariablesthatcanbefilled dependingon thecontext in which they areapplied,

2. they canbeembeddedinto oneanother,

3. they representexperiences,not rules,

4. they areactively usedin processingincomingperceptualdata,notonly in discoursecom-
prehension,but alsoin facerecognition,etc.
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Whenanaddresseeknows therelevantschematafor a particulardiscourse,hecanprocess
it fasterandrecallit better(Bartlett1932,Bransford,BarclayandFranks1972).Schank(1982)
distinguishesbetweenplans,scenes,memoryorganisationpackets(MOP),andthematicorgan-
isationpoints(TOP).TOPsencodehigh-level structuralanalogiesbetweentwo situations.An
examplefor a TOPis theanalogybetweenwriting a thesisandhaving a child. Both processes
can take a long time andbe very painful. Planscouplesequencesof actionsto motivations
andgoals. Scenesassociategoalsandactionswith typical settings.Scenescanbe hierarchi-
cally organisedinto sub-scenes;they canbe very specificor very general.Batchesof scenes
that keepco-occurringareorganisedinto MOPs,which might againbe organisedinto meta-
MOPs. Kellerman,Broetzmann,Lim andKitao (1989)apply theconceptto discourseanaly-
sis. Usingrecordeddialogues,they identify thescenesthatcontribute to theMOP of “getting
acquainted”.Someof thescenesthey identifiedwere’greeting’, ’health’, ’introduction’, ’edu-
cation’,or ’hometown’. WhetherweshouldassumethattherearefixedMOPsandschemas,or
whetherthesestructuresshouldratherbeviewedasemergent,is still hotly debated(Baddeley
1998,EysenckandKeane1995).

Inferences: How addresseesuseworld knowledgein understandingadiscourseisawideopen
researchquestion(Singer1994).GraesserandKreuz(1993)identify eleventypesof inferences,
which arereproducedin Table4.2. Referentialinferenceis the first andmostbasicinference
readerscanmake. It is right at the top of the table,andyet, aswe have seenon page62, the
connectionsbetweenanaphorsandtheirantecedentsaresorich thatresearchersdespairof ever
developinganadequatetaxonomyof them.

GraesserandKreuz (1993) subscribeto a constructionistview on discoursecomprehen-
sion. Whenaddresseesprocessa discourse,they constructa modelof it (a situationmodelin
the tradition of (van Dijk andKintsch 1983,Kintsch 1988),a mentalmodel in the schoolof
(Johnson-Laird1983)),andin orderto constructthatmodel,they needinferencesfrom world
knowledge,bothon-line,while they reador hearthediscourse,andoff-line.

But theseinferencesarenot drawn automatically. Addresseescometo texts with a specific
purposein mind,andthatthis purposedetermineshow they will readthetext andwhich infer-
encesthey will chooseto draw. Whataddresseesknow aboutgenreconventionsor specifictext
typessuchasnarrativesor expositorytext comesinto play here,becausethatdetermineshow
they will expectthetext to bestructured.Work on thecomprehensionof narrativeshasshown,
for example,that thedeedsandmisdeedsof primarycharacterspersistlongerin memorythan
thoseof secondarycharacters(c.f. the reviews of SanfordandGarrod1994,van denBroek
1994).

The complex interactionbetweenreaderpurposeandrecall hashardly be studiedyet; no
wonder, sincemostexperimentalsetupsrequiresubjectsto readpointlesstexts for noparticular
purpose.GraesserandKreuz(1993)makeprecisepredictionsaboutwhich inferenceswouldbe
madein which experimentalsetup.For example,a readerwho readsanarrativesuchasa short
storywoulddraw inferencesof classes1, 2, 6, 9, 10,and11 online,andtheothersoffline.

Theproblemwith a constructionistapproachsuchasthat followedby GraesserandKreuz
(1993)andindeedmany otherpsycholinguists(van Dijk andKintsch 1983,Glenberg, Meyer
andLindem1987,Glenberg, Kurley andLangston1994,Fletcher1994)is thatthey assumethe
situationmodelto containmany inferencesfrom the text, whereall informationsthat arenot
explicitly statedin thetext areinferred.But whodecideswhich inferencesaremadewhen,and
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No. Typeof Inference Inferenceis 3�3	3
1 referential co-specificationwith antecedentor sponsorin

thetext
2 causalantecedent causalchainbetweencurrentaction, event, or

stateandco-text
3 causalconsequence forecastedcausalchain
4 instrument instrument used when agent executesinten-

tionalaction
5 instantiationof nouncategory sub-categoryor exemplarof mentionednoun
6 superordinategoal goalthatmotivatesagent’saction
7 subordinategoal goal, plan, or actionthat specifieshow agent’s

actionsareachieved
8 state ongoingstate;canincludebeliefs,knowledge,

or personalitytraitsof agents,propertiesof ob-
jectsandconcepts,andspatiallocations

9 thematic mainpointof thetext
10 emotionof reader emotionreaderexperiences
11 author’s intentor attitude author’smotivein writing a text andattitudeto-

wardsthetext, its moral,or its content

Table 4.2. Typesof Inferencesin DiscourseComprehension.After (GraesserandKreuz1993,
Table1, pages148–149)

wheninferencingis supposedto stop?McKoonandRatcliff (1992)proposea radicalway out
of this quandary:readersonly make thoseinferenceson-line,that is while readinga sentence,
which requireminimal effort. Theseareall inferencesthatarenecessaryto establishlocal co-
herence,suchasthosethatareneededto establishco-specificationsequences,andinferences
thatcomefrom generalknowledge,suchas“a collie is a dog”. They do not expectinferences
thatarerequiredto establishglobalcoherenceto occurexceptwhenthey suit thereaders’pur-
poseandareobvious.

Thisso-calledminimalisthypothesishasbeenhotly debatedfor severalyearsnow (Trabasso
andSuh1993,FoertschandGernsbacher1994,SanfordandGarrod1998).Thatcontroversyis
extremelyimportantfor themanagementof discourseentities. If we assumethatsomesortof
mentalmodelsareconstructed,thenthey will exert powerful constraintson how new referring
expressionsare to be interpretedand provide standardaccessroutesto discourseentitiesat
particularlyprominentpositionsof themodel. A secondconsequenceis thatglobalcoherence
will becomemoreimportant,sinceto build a mentalmodelof a discourserequiresthat it can
beinterpretedasa (somehow) coherentwhole. If, on theotherhand,local coherence,which is
thedomainof e.g.CenteringTheory(Groszet al. 1995),is ascentralasMcKoonandRatcliff
(1992)claim,linguistictheoriesof theprocessingof referringexpressionsneedto rethinkwhich
linguisticstructuresaresupposedto playapartin localcoherence,andto whatextentdiscourse
structureinformationis really necessary.

Thebrief survey in this sectionhasdemonstratedthatif linguistswantto coupletheir theo-
riesaboutthemanagementof discourseentitieswith theoriesabouthow discourseis processed,
they cannotjust retreatto “a” standardtheory, but needto choosebetweencompetingtheories
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thatmakedifferentpredictionsaboutwhatis importantfor anaphoraresolution.
In thefollowing section,I presenttwo psycholinguisticapproachesto anaphoraresolution,

the Mental Models perspective to discoursecomprehension,and the ScenarioMapping and
Focus(SMF) theoryof SanfordandGarrod(1998). TheMentalModelsperspective wascho-
senbecauseit representsa trueblueconstructionistaccount,while SMF hasadoptedelements
of both the minimalist and the constructionistperspective. I have intentionally left out the
construction-integration model of Kintsch (1988). Becauseof its tight links with linguistic
theory, it is discussedpassimhere. Its foundationswerediscussedin Section3.2.2,anda lin-
guistic theoryof referringexpressionsthat is compatiblewith it will beoutlinedbelow, when
wediscussthework of TalmyGivón in Section4.3.5.

4.2.2 Theoriesof ProcessingReferring Expressions

The Mental Models Perspective: Mentalmodelsarestructuredmentalrepresentationsthat
have beenusedto theoriseabouta variety of cognitive processingtasks,from reasoning(c.f.
e.g.Johnson-Laird1983,Johnson-Laird,Byrne andTabossi1989,Johnson-Laird,Byrne and
Schaeken 1992) to discoursecomprehension(c.f. e.g.GarnhamandOakhill 1992,Garnham
1996). Whenaddresseesinterpreta discourse,they constructa complex mentalmodel, and
discourseentitiesareentitieswithin thatmodel. Mentaldiscourseentitiesaretightly linkedto
referentsin a possible(realor imaginary)world, becausementalmodelsaregenerallyseenas
representationsof sucha world. New utterancesareintegratedinto the model incrementally.
They arefirst transformedinto apropositionalrepresentation,andthenintegratedinto themen-
tal modelof thecurrentdiscourseby a systemof rules(Johnson-Laird1983). Mentalmodels
areby no meansstableor complete;indeed,they changecontinuouslyandareoftendefective.

MentalModelstheorypredictsthatthepreferredantecedentsof pronounsarestronglyinflu-
encedby knowledge-basedinferences.For example,with verbssuchas“to blame”,if X blames
Y, thenY will havedonesomethingto angerX. Hence,in asentencelike thatin Example4.10,
the preferredantecedentof the pronounis Bill, not John(Garnham,Oakhill andCruttenden
1992,Garnham,Traxler, Oakhill andGernsbacher1996)

(4.10) JohnblamedBill becausehe 3	3	3
Themodelsalsodirect thekind of inferencesfrom world knowledgethatwill bemadeduring
processing.A text is (globally) coherentif the addresseecan constructa mentalmodel for
it. Hence,inferencesaredirectedtowardsbuilding a specific,coherentmodel,andelaborative
inferencesthat do not contribute immediatelyto that taskshouldnot occur. This implies that
whena new discourseentity is integratedinto thementalmodelof a discourse,it is integrated
astightly aspossibleinto theexisting representation,andthebetterandthemoredetailedthe
model,themoreeasilyadiscourseentitywill beaccessed.Wheninformationaboutadiscourse
entityis updated,thisupdateaffectsall otherrelevantaspectsof themodelaswell, sothatglobal
coherenceis not lost.

Themorea personknows abouta certainsubjectmatter, themoredetailedhermodelsare,
themorequickly shecanmake therequiredinferencesto processa discourse(Tardieu,Ehrlich
andGyselinck1992).This facilitatoryeffect evenoccurswhensheis presentedwith input for
anothermodality, picturesthatestablishamentalmodelvia thevisualchannel(Glenberg et al.
1987).
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minimalism Text 4 Proposition
MentalModels Text 4 Proposition 4 MentalModel
C/I model Text 4 Proposition 564 SituationModel574 World Knowledge 584 SituationModel
SMF Text 4 World Knowledge [ 4 MentalModel /

Propositions]

Figure 4.1. Comparisonof SMF theoryto othermodelsof discoursecomprehension.Adapted
from (SanfordandGarrod1998,page168ff.)

Stevenson(1996) discusseshow pronounsare resolved in a Mental Models framework.
Pronounsare in generalresolved to the focusedslot of the mentalmodelof discourse.This
focusedslotcanbethoughtof asthebackward-lookingcentreof Centering,whichis thecurrent
centreof attentionandlinks a sentenceto theprecedingco-text.5 The focusis determinedby
two typesof processes:top-downprocessessuchasfirst mentionpreference.Here,firstmention
meansthatadiscourseentityis thefirst tobementionedin asentence.(Gernsbacher, Hargreaves
andBeeman1989)or thematicrole preferences(Stevenson,Crawley andKleinman1994),and
bottom-upprocessessuchasparallelismor connectives. Both strategiesinteractdynamically.
Top-down cuesinitialise thefocus.Whenbottom-upsearchcuesoccurin thetext, or whenthe
main verb hasbeenfound, which enablesthe addresseeto usefurther top-down cuessuchas
thematicroles,thefocusshiftsagain,andsoon.

The ScenarioMapping and Focus(SMF) Perspective: The ScenarioMappingandFocus
(SMF)accountof discoursecomprehensionwasdevelopedby SimonGarrodandAnthony San-
ford, two researcherswhohavepublishedextensively onanaphoraresolution(SanfordandGar-
rod1981,GarrodandSanford1989,SanfordandGarrod1989,GarrodandSanford1994,San-
ford andMoxey 1995,SanfordandGarrod1998).Thissummaryis basedlargely on therecent
(SanfordandGarrod1998).

Contraryto otherapproaches,which positthattext is translatedinto anintermediatepropo-
sitionalrepresentation(Kintsch1988,McKoonandRatcliff 1992,GarnhamandOakhill 1992),
GarrodandSanfordassumethatincomingdiscourseis directlymappedontoworld knowledge.
Figure4.1 comparesthe proposedprocessingstepsfor Minimalism, Mental Models,andthe
Construction/Integrationmodelto thestepsproposedin theSMF account.

The linguistic input is processedincrementally. Wordsandphraseswhich are(somehow)
linguistically salientareprocessedmoredeeplythanothers(BartonandSanford1993). The
integrationprocessis guidedby bottom-upinformationfrom linguistic form, suchasfocusing
constructions,andtop-down scenarios,whichareto a largeextentderivedfrom verbsemantics.
Knowledge-basedinferencescanonly be triggeredby thecurrentlyrelevantscenario(s).This
greatly limits the numberof possibleinferencesandmakes the modelpsychologicallymore
plausible. SanfordandGarrod(1998,page186) assumethat skilled communicatorsprovide
sufficient cuesto the requiredscenariosearlyon. Scenariosareretrieved from memoryusing
a fast,passive process.“Passive” meansthat retrieval proceedsautomatically. Goal-directed
inferencesappearto comein later, after thediscoursehasbeenprocessedin a first passon the

5Centeringis discussedin somemoredetail in Section4.3.2below.
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text-basedmemory knowledge-basedmemory
dynamic explicit focus implicit focus
static memoryfor discourse world knowledgeandscenarios
(relatively)

Figure 4.2. The Memory Model of SMF Theory. Adaptedfrom (SanfordandGarrod1998,
Figure1, page162andFigure2, page163)

basisof automaticallyactivatedknowledge. This later stageis wherementalmodelscanbe
built, andwherefor examplealternative interpretationsof complex quantifiedsentencescanbe
explored(SanfordandGarrod1998,citing unpublishedwork by SanfordandMoxey).

The SMF modelassumesthat discourseentitiesandscenariosrelevant to processingthe
currentstretchof discoursearestoredin a dynamicpart of memory, while knowledgeabout
the world andaboutpotentialscenariosaswell asa representationof the previous discourse
arekept in a relatively staticmemory. Figure4.2 illustratesthis partition. Thedynamicpart is
divided into an explicit andan implicit focus. The implicit focuscontainsverb interpretation
schemataandframes.It doesnot havea limited capacityandbelongsto thecurrentlyactivated
long-termmemory. Explicit focus,on the otherhand,is restrictedto thosediscourseentities
thathave not beenintegratedinto a scenarioyet. Theseentitiesarekept in working memory;
capacityfor themis limited. Together, implicit andexplicit focusrepresentthecurrentstateof
discourseprocessing.Discoursehistory is representedasa traceof connectionsbetweenthe
setsof implicit andexplicit foci thathavebeenusedto processthediscoursesofar.

4.2.3 Comparisonand Evaluation

In this section,I have takena somewhatunusualapproachto reportingpsycholinguisticresults
on co-specification.Most authors(a primeexampleis Ariel 1990,Chapter0.3)cite animpres-
sive arrayof results,andintegratetheseresultsinto thedatathat their theoryneedsto account
for or becompatiblewith. Thereis nothingto besaidagainstthis procedure.

Psycholinguists,ontheotherhand,searchthespaceof linguistic theoriesfor adequatemod-
els of languageprocessing.GordonandHendrick, for example,recentlytried to marry Dis-
courseRepresentationTheory (Kamp and Reyle 1993) and experimentalresultson referent
processing(1998,1997). Centeringtheory(Groszet al. 1995)is anothergoodexamplefor a
cooperationbetweenlinguistsandpsycholinguists.Centeringpredictsthat if its rulesarevio-
lated,texts will appearlesscoherent.Psycholinguistshave thenoperationalisedthis criterion
(here:coherence),suchasthelesscoherenta text, thelongerit will takepeopleto readit (Gor-
don,GroszandGilliom 1993,Hudson-D’ZmuraandTanenhaus1998).Centeringalsosuggests
thatthebackwardlookingcentrecorrespondsto thecurrentfocusof attention.Whenthecenter
of attentionis manipulatedsystematicallyin aproductionexperiment,thereferringexpressions
peopleuseshouldconformto thatprediction(Brennan1995,Brennan1998).

Suchanexchangebetweenlinguisticsandpsycholinguisticscanalsogo in theotherdirec-
tion: Giventhatmany linguistictheoriesof referringexpressionsandgivennessneedto fall back
onsomenotionof memory, somerestrictionsonprocessing,somemodelof communicatorand
addressee,why not take themdirectly from psychology, insteadfrom commonsenseintuition?
This is, if I have interpretedhis recentpublications(Givón1995b,Givón1995a,Dickinsonand
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Givón1997)correctly, thepositionof TalmyGivón.
So,whatcanwe learnfrom MentalModelsandSMFabouthow discourseentitiesareman-

aged?In bothapproaches,discourseentitiesaretied ascloselyaspossibleto thementalmodel
that correspondsto the text or, for SMF, to the currentscenario.Anaphoricexpressionsthat
requiresemanticandpragmaticlinks canberesolvedby tight links to world knowledge.Links
to the co-text areestablishedwithin the currentmentalmodel(MentalModels),or within the
web of pastexplicit andimplicit foci that SanfordandGarrodposit asa long-termdiscourse
representation.SanfordandGarroddo not assumethatmentalmodelsneedto beconstructed,
althoughthey donotexcludethatthey arebuilt ata laterstageof processing,for examplewhen
complex quantifiedsentencesneedto berepresented.Activationis modelledquiteelegantlyby
theSMF theory;their explicit focus,which wasinspiredby thefocusspacesof Grosz,is a set
of currentlyactivateddiscourseentities.Thecomputationof saliencein amentalmodelsframe-
work is morecomplicated;Stevensonmodelsit asaninteractionbetweentop-down preferences
andbottom-upcues.

As farasI cansee,how therepresentationof discourseentitiesshouldbeupdatedwhentheir
propertieschangeis still very muchan openquestion. In the Mental Modelsframework, the
completementalmodelis updatedasnecessary(Glenberg et al. 1994).In theSMFframework,
BartonandSanford(1993)have shown thatwhethera necessaryupdateoccursor not depends
on whetherthenew informationis madesalientlinguistically.

If a new entity is introducedby a definitedescription,both approachesdo not predictany
problems,aslong asthatentity correspondsto a slot in thescenarioor mentalmodelor canbe
connectedto it byeasyinferences.No separatetypologyof bridginginferencesis necessary, and
it is clearwhy sucha typologywouldbefutile, becauseit wouldbetantamountto a typologyof
therolesthatdiscourseentitiescanplay in all scenariosthatcouldeverbeconceived.Therich,
directedinferencesthatareavailablefor accommodatingassociativeanaphorsarealsoavailable
to guideaccessto establishedentitiesalongtheconnectionsalreadyin themodel.

Both approachesallow to modelthat somediscourseentitiesaremoresalientthanothers.
SanfordandGarrodkeepactivatedentitiesin explicit focus,while Stevensonshows that it is
possibleto defineaCentering-stylefocusof attentiononmentalmodelsoncewecandefinethe
appropriateproceduresfor shiftingthatfocusaccordingto top-downandbottom-upinfluences.6

A Mental Modelsapproachhastheadvantagethat it builds on a very generalapproachto
cognitiveprocessing(Johnson-Laird1983).Input from differentmodalitiesis easilyintegrated
in a commonmodel. The SMF theoryis attractive in that it combinesthe parsimony of min-
imalism with the powerful knowledge-basedinferencesof mentalmodels. Both approaches
alsohave their weaknesses.MentalModel theoryhasfrequentlybeencriticisedasnot formal
enough,sincethey aresupposedto beanalogical representationsof a realor imaginaryworld.
Othercriticismsincludethatthey emphasisetop-down informationtoomuch.SMFtheoryalso
raisesa numberof questions:Wheredo the scenarioscomefrom? How fixed arethey? Can
they bemodelledasemergentstructures?Linguistswho would like to explicateentity statusin
oneof thetwo frameworksneedto considerthesecriticisms.

6Readerswho are familiar with the psycholinguisticliteratureon pronounresolutionwill notice that I have
given the notion of saliencevery shortshrift here. The reasonfor this is simple: I am not focusingon the reso-
lution of referringexpressionshere,but on therole of discourseentitiesin psycholinguistictheoriesof discourse
comprehension.For a recentsurvey of relevant literature,see(Arnold 1998,Chapter1) or (GarrodandSanford
1994).
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4.3 Hierar chiesand Taxonomies

In the previous sections,I surveyed the datathat theoriesdiscourseentity managementsneed
to cover, andhighlightedhow psycholinguistshave approachedthe problem. Now, I turn to
solutionsthat have beenproposedby linguists. Thesesolutionshave often beencouchedin
the form of taxonomies. Thesetaxonomiesareevaluatedaccordingto how well they predict
which formsof referringexpressionsshouldoccurin which contexts. As we have seenearlier
on page58 ff., we cannotexpectthatany singletaxonomywill explain all of thevariationwe
find in arbitrarytexts. Otherinfluencessuchasage,socialclass,andconventionsin discourse
communitiesaredefinitelynot negligible. Nevertheless,we cansafelypredictthat taxonomies
whichrelateto themanagementof discourseentitiesshouldexplainby farthelargestpercentage
of variation.Thereasonis clear:If anaddresseeis to processadiscoursequicklyandaccurately,
referringexpressionsshouldhelphim find theentity they specifyasquickly aspossible.

In thesurvey presentedin thissection,I limit myselfto taxonomiesthatareintendedto cover
all formsof referringexpressions.This meansexcludingfor examplethetaxonomyof definite
descriptionusesdiscussedby Hawkins (1978,1991). We begin in Section4.3.1with a classic
linguistically motivatedtaxonomy, that of Prince(1981),which hasbeenmodifiedfurther by
Lambrecht(1994)onthebasisof work by Chafe.Then,I moveonto theoriesthatbuild moreor
lesson thecognitiveprocessingof referringexpressions.Thefirst of theseis CenteringTheory
(Section4.3.2). Next, in Section4.3.3, I introduceMira Ariel’s Accessibility theory, which
modelshow the accessibilityof a discourseentity influencesthe form of the corresponding
referringexpression.TheimplicationalGivennessHierarchyof Gundel,Hedberg andZacharski
(1993),to bediscussedin thefollowing Section4.3.4,is conceivedonsimilar lines.Finally, we
move to two scholarswho have takenthecognitive foundationsof their respective approaches
veryseriously:TalmyGivón (Section4.3.5)andWallaceChafe(Section4.3.6).

4.3.1 Familiarity

Prince(1981)developedherfamoustaxonomyof givennessasa reactionto theconfusionthat
surroundsthe term “givenness”. Shecategorically restrictsher taxonomyto discourseenti-
ties. Amongthethreesensesof givennessshesurveys,predictability(Halliday 1967),salience
(Chafe1976)andsharedknowledge(Kuno 1972,Clark andHaviland 1977), shedecidesto
modelsharedknowledgein moredetail,becauseit appearsmorefundamentalto her thanthe
others.Her leadingquestionis: how canweassumethatknowledgeis shared,thatsomethingis
alreadyfamiliarto thelistener?And, asacorollary, aretheregradationsof assumedfamiliarity?

Princedevelopeda taxonomyof AssumedFamiliarity that relies largely on the sources
wherewecanobtaininformationaboutthediscourseentity thatareferringexpressionspecifies.
Thecompletetaxonomyis givenin Figure4.3.

If thereferentof anexpressionis co-present,eitherlinguistically in thetext or physicallyin
the immediatecommunicationsituation,thenit is evoked. Princesubdividesthis category ac-
cordingto thereasonfor co-presence,textual (Example4.11.b)or situational(Example4.11.c).
Brown (1983b)suggestedintroducinga new sub-category of “textually evoked”, “displaced”.
This category covers instanceswherethe last mentionof a discourseentity occurredseveral
utterancesback,asopposedto in the currentor last utterance.The distinctionexplains to a
large extentwhy sometextually evokedentitiesarespecifiedby a full nounphrase,othersby
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AssumedFamiliarity

9 9 9 9 9 9 9 9 9 9 9 9 9 9 9 9 9

:::::::::::::::::

New

9 9 9 9 9 :::::
Unused BrandNew

9 9 9 9 ::::
Unanchored Anchored

Inferable9 9 9 :::
Containing Other

Evoked
9 9 9 9 ::::

Textually Situationally

Figure 4.3.Prince’s Taxonomyof AssumedFamiliarity

a pronoun:Pronounsspecialisein shortdistancesto last mention,nounphrasesin long ones.
In practice,developingconsistentschemesfor distinguishingbetweendisplacedandevoked
discourseentitiesturnsout to bedifficult.

Inferable (Example4.11.f) discourseentitiescan be connectedvia knowledge-basedin-
ferencesto alreadyevoked or other inferablediscourseentities(hencethe name). With her
category of ContainingInferrables(Example4.11.e),Princesinglesout oneof thesepotential
inferences,namelythatwhichconnectsthememberof asetto its superset.

Entitiesthatarecompletelynew to thediscourse,thathave neitherbeenmentionedbefore,
norcanbelinkedto evokeddiscourseentitiesby inferencechains,fall into two classes.Unused
(Example4.11.g)entitiesarenew to thediscourse,but not to theaddressee,while brand-new
(Example4.11.a)discourseentitiesarenew to both. If a brand-new entity is first evokedby a
referringexpressionthatexplicitly links it to another, alreadyevoked,entity, thatentity is said
to bebrand-new anchored(Example4.11.d).

(4.11) a) [Poochie]brandnew unanchored is anicelittle dogownedby my neighbours.
b) [He]textually evoked is very friendly to strangers.
c) [You]situationallyevoked will hearmore aboutthe little bastardlater on in the
examplesof [this thesis]situationallyevoked.
d) Notice that [the standardof theseexamples]brandnew anchored is declining
rapidly,
e) in particular that of [the example you are reading at the
moment]containinginferable
f) In [goodlinguistic examplewriting tradition]inferable,
g) I will finally saysomethingcompletelyunfunny about[Kofi Annan]unused.
h) Whata relief to besparedtheusualU.S.presidentfor achange!

Later, Prince(1992)reducedthatdetailedschemeto two binarytaxonomies:discourse-old/new
versushearer-old/new. Hearer-old entitiesareunusedor evoked,while discourseold entitiesare
textually evoked.Discourseold/new correspondsto thedistinctionbetweenfirst andsubsequent
mentions,which canbe labelledreliably even by relatively untrainedannotators.Lambrecht
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IDENTIFIABILITY

9 9 9 9 9 9 9 9 9 9 9

:::::::::::

unidentifiable9 9 9 9 ::::
unanchored anchored

identifiable4 ACTIVATION

9 9 9 9 9 9 9 9 9 9 9 9 9

:::::::::::::

inactive accessible

9 9 9 9 9 9 9 9
::::::::

textually situationally inferentially

active

Figure4.4. Taxonomyof givennessaccordingto Lambrecht(1994,Diagram3.25,page109)

(1994) integratesPrince’s accountof assumedfamiliarity with cognitive considerations.He
differentiatesbetweenidentifiability andactivation(c.f. Fig. 4.4). Whethera discourseentity
canbe identifieddependson what the addresseealreadyknows aboutit, or how familiar he
is with it. How stronglyactivatedit is, on the otherhand,is a matterof consciousnessand
attentionalstate.

Lambrechtintegratesidentifiability andactivation into the hierarchygiven in Figure4.4.
This hierarchyis the basisfor the largely source-basedcodingschemeof entity statusthat I
proposein Section5.2.Unidentifiablediscourseentitiescorrespondto Prince’sbrand-new ones.
In contrastto Princeandto thesource-basedschemefrom Section5.2,Lambrechtproposesno
furthersubcategorizationsof inferentialaccessibility. Thetaxonomyalsodifferentiatesbetween
threeactivationstates:inactive,accessible,andactive. Thesethreestatesroughlycorrespondto
Chafe’s inactive,semiactive,andactive (c.f. below Section4.3.6).

An activediscourseentity sits in theaddressee’s working memory;it hasbeenmentioned
very recentlyin thediscourse.If anactive entity doesnot getmentionedfor a while, it ceases
to beactiveandbecomestextuallyaccessible. However, apreviousmentionin thetext is nothe
only wayof makingadiscourseentityaccessible;it canalsobeevokedby scripts.For example,
whentalking aboutplanes,our culturalbackgroundimmediatelyevokestheconceptof a pilot
in us. Lambrechtcalls this typeof accessibilityinferential accessibility. Thediscourseentity
can alsobe accessiblebecausethey are presentin the situationaldiscoursecontext. This is
situationalaccessibility. For example,if youhaveaprintedcopy of this thesislying onfront of
you, thepaperon which thethesisis printedis accessiblefrom thediscoursesituation.Finally,
aninactivediscourseentitycanbeidentifiedby theaddressee,but hasnotbeenmentionedfor a
while. In general,hierarchiesthatarebasedon familiarity, identifiability, or sharedknowledge,
for short, are more procedural than cognitive hierarchies. Insteadof just characterisingthe
cognitive stateof a discourseentity, they specify whereadditional information abouta new
entity canbeobtained.Take thefollowing discourse:
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Cb(U ; ) = Cb(U ;=<?> ) Cb(U ; ) @A Cb(U ;=<?> )
Cb(U ; ) = Cf(U ; ) continue smoothshift

Cb(U ; ) @A Cf(U ; ) retain roughshift

Table4.3.Typesof transitionsbetweenutterances,modifiedafter(Brennanet al. 1987)

(A plane) PL crashedinto theground.

(Thepilot) PI managedto escapewith ashockbeforeit burstinto flames.

Let’s assumethat the speaker is giving this exampleat a linguisticscolloquium. In the first
sentence,a new referent“a plane”(PL) is introduced;theexpressionis referential.Thehearer
constructsa mentalrepresentationfor thatplaneandaddsboththeplaneandtheplanecrashto
his focusof consciousness.After the sentencehasbeenuttered,PL is active. Planesusually
have pilots, so that with the mentionof a plane,the pilot of that plane(PI) would become
semiactive. When the pilot is in fact mentionedin the secondsentence,the referentof that
expressionis thereforeuniquely identifiable,and the pronounreferring to the planecan be
resolvedbecause(PL) is active. But while thecognitive accountmerelystatesthat (PI) hasa
certainstatus,thefamiliarity hierarchytellsuswhy: becauseit is partof theframeevokedwhen
mentioningplanes.

4.3.2 Centering Theory

CenteringTheory(Groszet al. 1995)is atheoryof localcoherencewithin adiscoursesegment.
Discoursesegmentsareassumedto behierarchicallystructuredaccordingto (GroszandSidner
1986).Thetheoryis basedon tracking(director indirect)realisationsof discourseentities.An
entity is directly realisedin anutteranceif thereis a referringexpressionthatpointsto it. The
criteriafor indirectrealisationlargely dependon theunderlyingsemantictheory.

EachutteranceU ; in adiscourseis associatedwith alist of forward-lookingcenters, Cf. The
connectionbetweenU ; andtheprecedingU ;=<?> is establishedvia thebackward-lookingcenter
Cb(U ; ), a discourseentity that hasbeenrealisedin both utterances.Thereis at mostone(in
mostversions:exactlyone)CbperutteranceU ; , andthis Cbcanonly bechosenfrom Cf(U ;B<?> ).
Thebackward-lookingcentershouldbethehighest-rankingelementin Cf(U ;=<?> ) mentionedin
U ; . Theelementson theCflist arepartially ordered:themorelikely it is thata subjectwill be
Cbof thefollowing utterance,thehigherits rank.

Transitionsbetweenutterancesare classifiedaccordingto two criteria: Cb(U ; ) = Cf(U ; )
(whetherthe backward-lookingcenterof an utteranceis its preferredforward-lookingcenter)
andCb(U ; ) = Cb(U ;=<?> ) (whetherthebackward-lookingcenteris maintainedacrossutterances).
Thecommonlyusedtypesof transitionsaresummarisedin Table4.3 (Brennan,Friedmanand
Pollard1987,Walker, Iida andCote1994).Furtherrefinementssuchascostsontransitionpairs
andadditionaltransitiontypesarediscussedin (StrubeandHahn1999).

Groszet al. (1995)donotclaimthatcenteringcanexplainfor any stretchof discoursetaken
from a contiguousdiscoursesegmentwhetherit is locally coherentor not. Rather, they setout
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to model constraintson referentialcohesionon the basisof the two datastructuresdefined
above,theCbandtherankedCf-list. Extrapolatingfrom (Groszet al. 1995,Section5), wecan
concludethata fully workedoutCenteringTheoryshould

1. constraintheform in whichdiscourseentitiesarerealisedin theutterancesof adiscourse
segment,dependingonwhetherthey arethecurrentCbor weretheold Cb, anddepending
ontheirrankontheCflist. Currently, only oneconstraintonpronounshasbeenstipulated:

Definition 4.3(Rule 1 of Centering) If any elementof the list of forward-lookingcen-
ters Cf(U ;=<?> ) is realisedby a pronounin U ; then the Cbof U ; mustbe realisedby a
pronounaswell. (Groszet al. 1995)

2. constrainthetransitionsbetweenutterancesin asegment.This is capturedby Rule2:

Definition 4.4(Rule 2 of Centering) An interpretationthat yieldsa continuetransition
is preferredoveronethat yieldsa retain,andretaintransitionsarepreferredovershifts.

3. integratesyntactic,semantic,andpragmaticinfluenceson local coherence

The actualconstraintson the rank of the forward-lookingcentersarehotly debated.The
classicalimplementationof (Brennanet al. 1987)usesmainlygrammaticalroles:

(4.12) SUBJECT C DIRECT OBJECT C INDIRECT OBJECT C COMPLEMENTS C ADJUNCTS

A numberof researchershave proposedlanguage-specificvariations(seee.g. Walker et al.
1994,Turan 1998,Hoffman 1995,Di Eugenio1998), For example,Walker et al. (1994),
workingonJapanese,madeuseof thefactthatJapanesecodestopicalitywith aspecialparticle,
-wa. Accordingly, they rank topicshigheston the centerlist. Secondcomesthe entity with
whichthespeakerempathises,followedby thegrammaticalfunctionssubject(postpositionga),
object2(postpositiono), object(postpositionno) andotherarguments.Thecompletehierarchy
is asfollows:

(4.13) (GRAMMATICAL OR ZERO) TOPIC C EMPATHY C SUBJECT C OBJECT2 C OBJECTC OTHER

Otherresearchershaveexploredpossiblelanguage-independentconstraintsonCfranking.Cote
(1998) proposesto rank the elementsof the Cf-list in termsof the underlyingLexical Con-
ceptualStructure(LCS) of the sentence.LCS describesthe semanticsof a sentencein terms
of a restrictedsetof semanticprimitives,which inter alia allows to categoriseverbarguments
accordingto their thematicrole. SinceLCS provides a principled way of determiningthe-
matic roles,Cote’s approachsubsumesorderingsbasedon thematicrolessuchasthoseof Tu-
ran(1995,1998).Anotheravenuethathasbeenexploredis whathasbeentermed“information
structure”. StrubeandHahn(1996),inspiredby (Daněs 1974a),partition the elementsof the
Cf-list into agivenelement(theCb), a thematic(theCf) andotherelements,whicharemoreor
lesscontextually bound. In their recentjournalpublication,however, (StrubeandHahn1999)
switchto anorderingbasedonPrince’s (1981)familiarity hierarchy.
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Although CenteringTheory has beenvery influential, it can be criticized on numerous
counts. Strubeand Hahn (1999, page339f.) list the following points. First it is not at all
clearwhatcountsasanutterance,hence,it is not clearhow to processcomplex sentences;for
possiblesolutions,seee.g. (Suri andMcCoy 1994,Kameyama1998). Complex, nestedNPs
presentanotherproblem(Walker andPrince1996). The model is alsofairly restrictedin the
rangeof anaphoricexpressionsthat it covers. The modelhasbarelybeenimplementedcom-
putationallyso far; andcomparative large-scaleevaluationsarescarce.Even worse,the first
suchevaluation,reportedby Poesio(2000),suggeststheory-internalproblemswith Centering.
They testeddifferentformalizationsof utterances,differentmethodsof rankingtheCflist, and
whetherimplicit realisationsshouldbecountedaswell asexplicit ones.They founda tradeoff
betweenRule1 (c.f. Definition 4.3) andtheconstraintthateachutterancemayhave only one
Cb. As recentincrementalmodelsof pronounresolutionsuggest,pronounresolutionmight be
lessaffectedby discoursesegmentboundariesthanmany researchersassumeWalker (2000)re-
tainsCenteringasamodelof local coherence,but suggeststhatit shouldalsobeappliedacross
segmentboundaries.Shereplacesthestackof focusspacesthatGroszandSidner(1986)pro-
posedby a moreflexible cachemodelof attentionalstate.Strube(1998)is evenmoreradical;
he discardsthe notion of a Cbaltogether. Instead,he proposesa list of potentialantecedents
orderedmainly accordingto their familiarity. That list, calledS-list, consistsof expressions
mentionedin thecurrentandin theprecedingutterance.In orderto computehis ordering,he
usesbothsurfacepositionanda tripartitefamiliarity scalebasedon(Prince1981),but modified
accordingto how accessibleanentity is to thehearer:old entitiesarethosediscourseentities
that the heareralreadyknows, be it from world knowledgeor from the precedingdiscourse
(Prince’s “unused”and“old”), new entitiesarebrand-new unanchoreddiscourseentities,and
all otherdiscourse-new entitiesareclassifiedasmediated, becauseaccessto themis eitherme-
diatedby anexplicit anchoror by abridginginference.

4.3.3 Accessibility

WhereCenteringis restrictedto local coherence,and,in its currentstate,mostlyto predictions
aboutpronouns,Mira Ariel’s (1990)AccessibilityTheorypurportsnothinglessthanto explain
how the systemof referringexpressionof a languageis organized.For this purpose,shere-
sortsto a functionalcognitiveexplanation:themorephoneticandotherlinguistic informationa
referringexpressioncontains,themoreinformationis neededto accessthecorrespondingdis-
courseentity, andthemoreinformationneededto accessa discourseentity, thelessaccessible
it is. Ariel doesnotdistinguishdiscretedegreesof accessibility. Instead,sheordersall formsof
referringexpressionsof a languageon a scaleof increasingaccessibility. Table4.4 reproduces
that hierarchyfor English. Ariel makesthe strongpredictionthat whenit comesto choosing
theform of a referringexpressions,it doesnot matterwhich sourcethediscourseentity comes
from. All that mattersis how easily accessibleit is, be the sourcethe co-text, the physical
context, or world knowledge.Sherefinesthatpoint with respectto deixisin (Ariel 1998).The
only source-baseddistinctionthatshouldaffect thedistributionof referringexpressionsshould
bewhethertherequireddiscourseentityalreadyexistsin thediscoursemodelor whetherit still
needsto beintegrated.Thispredictionis partially confirmedby theanalysisof radionewsdata
presentedin Section6.3.

For Ariel, accessibilityis a compoundvariable,which is determinedby four morespecific
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Accessibility Form Example
Low Full name + modifier Mr GerhardSchr̈oder,

theGermanchancellor, said
(known referent) GerhardSchr̈odersaid

DefiniteDescription long thechancellorof Germany said
short thechancellorsaid

Lastname Schr̈odersaid
Firstname Gerhardsaid

Mid Demonstrative distal+ modifier thatelegantmansaid
proximal+ modifier this elegantmansaid
distal(+ NP) thatguy said
proximal(+ NP) this guysaid

Pronoun stressed+ gesture HE (pointing)said
stressed HE said

High unstressed hesaid
cliticized said’e

gaps,agreement,reflexives saidto himself

Table 4.4. AccessibilityMarking Scaleafter (Ariel 1990,page73). The scaleis continuous.
Accessibilityincreasesfrom top to bottom.

factors:

1 distanceto lastmention

1 thenumberof competingantecedents(competition)

1 salience, which sheoperationalisesastopicality, and

1 thepresenceor ratherabsenceof any discoursestructuralboundariesbetweenantecedent
andanaphor(unity).

Ariel doesnotclaimthelist to beexhaustive.Wewill meetthefirst two factorsagainin Chapter
7, wherewe will seethat they areexceptionallyrobust (competition) andpowerful (distance)
predictorsof pronominalization. While thesetwo factorsare relatively easyto measureon
corpora,the secondpair is not. Salienceis in itself a notoriouslymuddynotion, which has
beentakenby otherlinguiststo cover muchof thatwhatAriel would termaccessibility. Unity
summarisesin Ariel’s definition (1990,page29) all aspectsof discoursestructurethat might
potentiallybecomerelevant,suchaspoint of view or paragraphs.

In herown corpusanalyses,Ariel tendsto reducethecomplex variableof Accessibilityto
that of its componentswhich is easiestto determinefrom corpora: distanceto last mention
(c.f. alsoSection5.5). For almosteachpair of adjacentforms on the hierarchy, sheshows
that they differ significantlywith respectto the averagedistanceto their antecedent.Strictly
speaking,suchanalysesonly show thatdistanceto lastmentionis relatedto theformof referring
expressions,but saynothingaboutthecompoundvariableof accessibility.

Four aspectsareremarkableaboutAriel’s work. Firstly, shestrivesto accountfor a very
largerangeof phenomena.SheevenclaimsthatBindingTheorycanbeannihilatedif reflexives
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State Definition
typeidentifiable hearerknowswhichtypeof objectis referredto
referential hearerneedsa representationfor a specificob-

ject
uniquelyidentifiable hearercanidentify specificobjecton the basis

of thereferringexpression
familiar hearerhasa mentalrepresentationof theobject

referredto in memory
activated object representationis in hearer’s short-term

memory
in focus objectrepresentationin currentcenterof atten-

tion

Table 4.5.TheGivennessHierarchy(Gundelet al. 1993)

and reciprocalswere to be analysedwith a more fine-grainedaccessibilityscale(see(Ariel
1994)and(Ariel 1990,Part II) for details). Second,shesubstantiatesmostof her claimsby
corpusanalyses.Third, by working on a Germanic,Indo-Europeanlanguage,Englishanda
Semitic one, Hebrew, sheaddsan exciting typological dimensionto her work. Finally, she
appliesher resultsto thesociologicalanalysisof texts. Shefoundthat indeed,womentendto
be referredto by forms that ranked higheron the accessibilityscale,suchas the first name,
while mentendedto bereferredto by Low Accessibilityexpressions.

It cannotbedoubtedthatAriel uncoveredextremelyinterestingpatternsof gradation.How-
ever, thereareseveralproblemswith themodelasit stands.Thecentralvariableof accessibility
is not specifiedvery precisely, the contributionsof the variousfactorsarenot weighted,and
theinteractionbetweenthosefactorsis not veryclear. This is not a problemthatcanbesolved
by any short-termresearchprogrammebecauseAriel hasdefinedheraccessibilityto benearly
all-encompassing.Furthermore,the interactionbetweenaccessibilityand the choiceof lexi-
cal forms is not quiteclear. But sincefor Ariel, AccessibilityTheoryis firmly embeddedinto
RelevanceTheory(SperberandWilson1995)asthemeansfor accessingdiscourseentitiesand
thecorrespondingcontexts for furtherevaluation,we mayexpectthat this is a problemwhose
solutionwill betakencareof by thattheory.

4.3.4 The GivennessHierar chy

Gundelet al. (1993)presentan implicationalhierarchyof cognitive stateswhich they call the
GivennessHierarchy(Table4.5). This hierarchyis restrictedto discourseentities.It describes
potentialcognitive statesof suchreferentsin themind of thehearer. If a speaker assumesthat
a discourseentity hasa certainstatus,thenthis constrainsthesurfacelinguistic formsshecan
useto refer to thatentity: If sheis cooperative, sheshouldonly usea form thatmeetsat least
thatstatus.In otherwords,unlessmostotherproposalswe have discussedin this Section4.3,
theGivennessHierarchyis implicational.While all nounphrasesin adiscourseareat leasttype
identifiable(correspondingto thelowestlevel on thehierarchy),only very few arein focus(at
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thehighestlevel on thehierarchy)atany giventime in any givendiscourse.But thatanentity is
“in focus” doesnot meanthatit hasto bereferredto by a pronoun.In principle,we arefreeto
exchangethatpronounfor any form thatoccurson a lower level of thehierarchy. For English,
RussianandSpanish,Figure4.5 shows for a numberof determinerswhich statusa discourse
entity needsto havebeforethey canbeusedin a referringexpressionthatspecifiesthatentity.

(4.14) I couldn’t sleeplastnight.
a) [A dognext door]typeidentifiablekeptmeawake. I don’t know which onefrom
thedamnedbroodmy neighbourskeepthatwas,I don’t evenknow if thestupidbeasts
took turnsyelpingat themoon.Anyway, whoever thatwas,[he]typeidentifiablehad
healthylungs.
b) [This dognext door]referential keptmeawake. It washowling sopitifully that I
hadto getup andcheckwhatwasgoingon.
c) [The little Yorkshireterrierof my neighbours]uniquelyidentifiablekeptmeawake
lastnight.
d) [Poochie]familiar keptmeawakeall night againwith hishowling.
e) [That]activatedkeptmeawake. (Immediatelybeforethesentenceis pronounced,
Poochieletsoutapronouncedhowl.)
f) Poochiehasthesehowling attacksfrom time to time,you know. [He]in focuskept
meawake.

Thesix statesandtheir definitionsaresummarisedin Table4.5. All nounphrasesareat least
type identifiable.Typeidentifiablenounphrasesdo not refer (Example4.14.a).Thedefinition
of type identifiability leadsto an interestingproblem. If genericnoun phrasesdo not refer,
then they are type identifiable,no matterwhetherthey arerealisedasa pronounor asa full
NP. In long stretchesof discourseaboutkinds asin Example2.8, page9, the naturalkind is
boundto be pronominalisedsomeof the time. But the theoryassumes,aswe will seebelow,
thatpronounsshouldonly beusedfor entitiesthatareat leastactivated.Theresultingproblem
canbesolvedif we restrictourselvesto expressionsthatreally refer, but this solutionexcludes
datathatlesssemanticallyconscioustheoriessuchasAriel’sAccessibilityTheorywill haveno
problemsdescribing.

A referential expressionindicatesthatthespeaker hasa specificreferentin mind (Example
4.14.b).A particularcaseI encounteredin my dataappearsto beon theborderlinebetweenthe
two categories.Whennewswritersuseaphrasesuchas“a spokesmanfrom theWhiteHouse”,
thenameof thespokesmanis irrelevant,thepersonis mainly referredto in orderto attributethe
informationcorrectly. Whenthereis arealevent,suchasapressconference,behindsuchanoun
phrase,thentherewasaspokesmantherewhoimpartedtheinformation,andtheexpressioncan
betakento refer to thatparticularperson.But if we just focuson theattribution function that
thisNPfulfils, wecanalsolabelthisNPasmerelytypeidentifiable.Thenext levelof specificity
is uniquelyidentifiable. Thedistinctionbetweenthisandthereferentiallevel is subtle:whereas
thecompletesentenceisneededin orderto determinethereferentof anexpressionthatis merely
referential,a uniqelyidentifiablereferringexpressionprovidesall necessaryinformationin the
nounphraseitself (Example4.14.c).

Familiar discourseentitiesareknown to theaddressee,eitherbecausethey arepartof world
knowledge(thestandardexampleis thecurrentAmericanpresident,whoat thetimeof writing
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wasWilliam JeffersonClinton),or becausethey havebeenmentionedin theprecedingco-text.
Thenext category, activated, is definedin almostpurelycognitive terms. Activateddiscourse
entitiesare in currentshort-termmemory;they would correspondto the explicit focussetof
SanfordandGarrod(1998). But discourseentitiesneednot be in short-termmemoryto be
activated;immediatephysicalco-presenceis alsosufficient. Thefinal category is in focus. The
following quoteillustratesthat“in focus”means“in thecurrentfocusof attention”here.

The entitiesin focusat a given point in discoursewill be that partially-orderedsubsetof
activatedentitieswhicharelikely to becontinuedastopicsof subsequentutterances.Thus,
entitiesin focusgenerallyincludeat leastthe topic of theprecedingutterance,aswell as
any still-relevanthigher-ordertopics. (Gundelet al. 1993,page279)

Gundel(1988)definesthetopic of a sentenceto bethatwhich thesentenceis about.Note
that Gundel,Hedberg, andZacharskisaynothingaboutexactly how likely is “lik ely”. They
also leave the door wide openfor suddenlyresurging discoursetopics,which happento get
mentionedagainafter a while during which they have stayedrespectfullyin the background.
Entities can be brought into focus by syntacticmeanssuchas topicalisationor by prosodic
means.But linguistic meansdo notdeterminecompletelywhatwill befocussed.Gundelet al.
(1993)cite theexampleof a pronounthatrefersto anadjunctin theprecedingclause.They ar-
guethatif theadjunctis somehow “salient” in thecontext, thepronominalreferenceis licensed,
becausethe entity that the adjunctspecifieshasobviously beenbroughtinto focus by some
mechanism,asin Example4.15(Gundelet al. 1993,Example11,page280). If theadjunctis
not pragmaticallysalient,thepronominalreferencewould beout, asin Example4.16(Gundel
et al. 1993,Example10,page280).

(4.15) However, thegovernmentof Barbadosis looking for a projectmanagerfor [a large
wind energy project]DFE .
I’m goingto seethemanin chargeof [it] DGE next week.

(4.16) Searsdeliverednew sidingto my neighborswith [thebull mastiff] H6I .
# [It’ s]HJI thesamedogthatbit Mary Benlastsummer.
Anyway, this sidingis realhideousand 3	3	3

Although theseobservationscaptureinterestingpatternsof languagein use,I do not seehow
they couldbetranslatedinto anannotationmanualwithout avoiding circular instructions,such
as“if thereis a pronoun,try every trick of interpretationthatappearssomehow reasonableto
you to justify thatit’ s in focus”. Nowheredoesit surfacemoreclearlythanin theseinstructions
for distinguishing“activated” from “in focus” itemswhat the GivennessHierarchyreally is:
a setof common-senseconventionsfor protocollingthe intuitions an addresseehasaboutthe
accessibilityof discourseentities.

Treatedthis way, theGivennessHierarchyis anextremelyvaluableresearchtool if we aim
to investigatehow differentpeoplewith differentbackgroundreactto andunderstandthesame
text. What is more,Gundelet al. (1993)have shown that thecategoriesof theGivennessHi-
erarchycanbeappliedprofitablyto analysingdatafrom typologicallyverydifferentlanguages:
Chinese,Japanese,English,Russian,andSpanish.However, it doesnot tell usverymuchabout
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in focus K activ. K fam. K uniq. id. K refer. K typeid.
English it HE, this,

that,thisN
thatN theN indef. thisN aN

Russian zero, on
(’he’)

ON, eto
(’this’), to
(’that’)

etoN, to N zero+ N

Spanish zero, el
(’he’)

EL, este
(proximal),
ese(medial),
este(distal)

ese N (me-
dial), esteN
(distal)

el N (’the
N’)

unN; zero+ N

Figure4.5.Highestrequiredstatusof specifieddiscourseentityfor determinersin English,Rus-
sian,andSpanish.Capitals:stressedpronoun.Zero: no surfacereferringexpression.Source:
(Gundelet al. 1993,Table1, page284)

how discourseentitiesaremanaged.Thereasonis that,asChafe(1994)hasnoted,it conflates
two relateddimensions,identifiability andactivation/accessibility. Both dimensionsareimpor-
tant,thatis why it will turnout to performsowell in theanalysesof Chapter6,but conceptually,
it might bebetterto separatethem.

4.3.5 Grammar asMental ProcessingInstructions: Givón

Talmy Givón hasmadetwo importantcontributionsto thestudyof how discourseentitiesare
managed:He proposedempiricalmeasuresof thedistribution of referringexpressions,andhe
developeda theoryof grammarasmentalprocessinginstructionswhich statesthat the refer-
ring expressionsfunctionasinstructionsfor constructingandretrieving discourseentities.He
hasdevelopedandrefinedbothcontributionsover theyears(Givón 1983a,Givón 1992,Givón
1995b,Givón 1995a). This sectionis basedon two recentstatementsof his position,(Givón
1992,Givón1995a).Wewill first discussthemeasures,thentheconclusionshehasdrawn from
hiscorpusdataaboutthementalinstructionsof referenceprocessing.

Corpus-BasedMeasures: The quantitative measuresproposedby Givón (1983a)are easy
to annotate,andthusdo not requirecomplicatedinferencesabouta speaker’s intentionsand
a hearer’s consciousness.I will focuson the two mostpopularof his measures,Referential
Distance(RD) andTopic Persistence(TP) here. Both measuresarebasedon co-specification
sequences.

ReferentialDistanceis distanceto lastmentionwith a twist: All distancesgreaterthan20
clausesaremappedto thevalue20,whichwasfixedarbitrarily; first mentionsarealsoassigned
this value. Theresultingmeasureis calledReferentialDistance(RD). Besidesreferentialdis-
tance,which covers the anaphoricdimensionof co-specificationsequences,Givón hasalso
developeda countfor thecataphoricdimension:Topic Persistence(TP). This measurecounts
how oftenanentity recursin the following stretchof discourse.Themoreoften it recurs,the
morecentralto thediscoursesegmentit is. Sincenodiscoursesegmentationis presumed,Givón
positsan arbitrarylimit of 10 clausesafter the currentclause.From the researchreportedby
Givón, it appears,however, thatTP valuesclusterinto two largegroups:thosebetween0 and
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2, andthoselarger thantwo. SinceTP dependsto a largeextenton thepositionof a referring
expressionsin adiscoursesegment,it is neitheradirectmeasureof thetopicalityof anentity in
adiscoursesegment,nordoesit tell uswhenexactly theentity is mentionednext.

Both measureshave their problems.Let usdiscussRD first, becauseit is themostwidely
known measure.Firstly, it lumpsfirst mentionstogetherwith mentionsof entitiesthat have
not beenaccessedfor a while. As Chafe(1994)argues,discourseentity managementis multi-
faceted,andoneof thesefacetsis clearly how new entitiesareintroducedinto the discourse.
Introducinga new entity into thediscourseandaccessinganexisting entity aredifferentoper-
ations.True,if theaddresseeforgetsa discourseentity thathaslastbeenmentionedmany sen-
tencesago,thenit is effectively re-introducedwhenit reappearsin thediscourse.But whether
anaddresseeforgetsanentity dependson bothhis memoryandon therole that theentity has
playedin thediscoursesofar. Whenhepositsacut-off valueof 20,Givóneffectively averages
over all theseinfluences.I believe that this is methodologicallyproblematic.Eitherwe make
our measuresasindependentof theaddresseeaspossible,thenwe cannotmotivatethethresh-
old any more,or we strive for a cognitively realisticmodel,which meansthattheRD measure
itself becomesquestionableandneedsto besupplementedby a measurethatcharacterisesthe
role that an entity hasplayedin the discourseso far. In the corpusstudyof co-specification
sequencesreportedin Chapter5.4, I have dealtwith this issueby assigninga specialstatusto
first mentions.For Chapter7, aspecialcategorical variable,DIST, wasdefinedthatcodesboth
distinctions.

At first sight, TP appearsasarbitraryasRD. But thereis more to that measurethanone
might think. Oncewe canderive our countsautomaticallyfrom co-specificationsequences,
thefixedwindow lengthis not asimportantany moreasit wasat a time wherecountshadto
be donemanually. Thus,oneof themain pointsof contention,thefixed window size,canbe
eliminated.Moreover, TPhasaninterestingmathematicalproperty:it canonly changeby -1,0,
or 1 aswemove througha text clauseby clause;therefore,it is assmoothasdiscretemeasures
canget.

ProcessingReferring Expressions: Givón himself vividly deniesthat any of his measures
haveany directcognitivecorrelate.Nevertheless,thequantitativedatathey haveallowedhim to
collect,togetherwith hisquestfor giving linguisticsasolidbiologicalandanthropologicalbasis,
have led Givón to a very detailedcognitive theoryof how referringexpressionsareprocessed.
Kintsch(1995)hasarguedthatthis theoryfits verywell with hisConstruction/Integration(C/I)
modelof discoursecomprehension,arguablythemostinfluentialin modernpsycholinguistics.

Givón assumesthatgrammarhasevolvedto bea fast,robust,roughmechanismthathelps
addresseesto constructboth locally andglobally coherentdiscoursesfrom the input thatcom-
municatorsgive them.But grammar-cuedcoherence,asGivón calls it, is alwayssecondaryto
vocabulary-cuedcoherence.By this term,Givón meanstheknowledge-basedprocesseswhich
aresocentralto botha MentalModelsapproachandSMF theory, but which arealsopartand
parcelof theC/I model,andwhich,asGarnhamet al. (1992)point out,areevenstrongerthan
grammaticalgendercuesin pronounresolution.Vocabulary-cuedprocessesareslow, but only
they provide thenecessaryinformationfor groundingnew informationin world knowledge.

Givón envisionsdiscourseto be representedin the mind asa network of nodes,againin
accordancewith theC/I model. The informationfrom incomingclausesis filed underspecial
topicchainnodes. Topic chainnodesarein turngroupedunderparagraphnodes.If weassume
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that topic chainnodescorrespondto discoursesegments,andif we further assumethat para-
graphnodescorrespondto segmentsat a higherhierarchicallevel, etc.,we candirectly derive
a notionof discoursestructurefrom theseterms.Clausesfor Givón arebothmajorandminor
clauses,not the large Major ClauseUnit that we will introducelater in Chapter5, Definition
5.7. Clausesareorganizedsothatthey impartat mostonenew item of informationbasedon at
leastoneitemof alreadyknown information.

Therearetwo main classesof operations:attentionalactivationoperationsthat openand
closetopic nodesandsearch andretrieval operationsthat look for thegroundinginstanceof a
referent.

Topic nodesstandfor a stretchof discoursewith a coherenttopic. In eachclause,there
is a topical referent (= topical discourseentity) which determinesthe nodeunderwhich the
informationfrom thatclauseis filed. This referentmayalsobe“realised”asazeropronoun.As
longasnew informationabouta topickeepsflowing in, thattopic is saidto beactive. Whenthe
topic is changed,theold topicneedsto beclosedandanotheroneopened.Grammarcuestopics
via syntacticfunction: primary topicstendto surfaceassubjects,secondaryonesasobjects.
Sincetopics areusually kept, not changed,he claims that “[z]ero lexical marking is 3�3	3 the
default choicein thegrammarof referentialcoherence”.Whenever thatprincipleis brokenfor
a topicalreferent,it is likely thata new topic chainnodeneedsto beactivated.Only onetopic
nodecanbeactivatedat a time.

Any referentthatoccursin thediscoursemustbegroundedin aphrasethatcontainsat least
onelexical morphemewhichcanmaketheappropriateconnectionto world knowledge.7 Givón
positsthefollowing principleof grounding.

A node—andthus the referent-labelthat activatesit for text-storage—mustbe grounded
beforeit canbeactivatedfor text-storage.
a. A new (indefinite)referentis groundedonly to its currenttext locationin theepisodic
structurestill underconstruction.
b. An old (definite)referentis attachedto its currentlocationin theepisodictext structure;
but it mustalsobegroundedto someotherlocationin somepre-existing mentalstructure.

(Givón1995a,page102)

This citation shows nicely the pros and consof Givón’s framework. On one hand, he
presentsa detailedmodel,couchedin termscompatiblewith modernpsycholinguistictheory.
Ontheotherhand,theprocessinginstructionshecomesupwith onthebasisof hiscorpuswork
aresweeping.For example,judgingfrom thetexts I have analysedsofar in my comparatively
shortlife asa linguist, new referentsdo not tendto be indefinite,at leastnot if they areto be-
comeimportantlateron in thetext. Introducingnew discourseentitieswith the indefiniteis a
patternoneoften finds in narratives,but in genressuchasradio news (c.f. Chapter6) this is
very unusual.In fact, in theradionews texts thedistribution of definitesis suchthat it neither
favors first-mentionnor anaphoricuses. I would not hold that patternagainstthe radio news
writers; rather, it appearsto be popularin texts with a high informationaldensity. The same
skew canbefoundin theBROWN-COSPEC data(c.f. Table7.7).

7Givón restrictshimselfto nounsin (Givón1995a),but sinceantecedentsof pronounscanalsobeverbphrases
or longerstretchesof discourse,I havechosena moregeneralformulationhere.



88 4 TheManagementDimension

In sum,Givón’swork is ahighly interestingapproachonasolidempiricalandtheoreticalba-
sis. Fromtheperspectiveof discourseentity management,hefocusesmainly on implementing
accessmechanisms.Initialisationis givensomewhatshortshrift, at leastin (Givón1992,Givón
1995a).Givón emphasisesthatnew entitiesareconnectedto thediscoursenetwork assoonas
possible;healsostatesthatthemoreconnections,theeasieranentity is to access.On theother
hand,his modelalsocoversaspectsof structuralentity status,becausehis network model is
essentiallyaconnectionistmodelof discoursestructure.In contrastto e.g.Ariel’sAccessibility
TheoryGivón’s modelextendseasily to other linguistic markersof cohesion. It canalsobe
implementedcomputationally:thereexist implementationsof its cognitivebasemodel,theC/I
theory(Kintsch1988,Kintsch1995),andGivón (1995a)hasformulatedanexplicit setof ma-
jor grammar-cuedoperationsfor establishingreferentialcoherencethatmightprovideastarting
point for morethoroughexplorations.

4.3.6 Activation and Consciousness:Chafe

Finally, we cometo an approachthat is maybeclosestin spirit to the perspective on com-
municationadvocatedby GeroldUngeheuer, the work of WallaceChafe. Like Givón, Chafe
worksfrom empiricaldata,andlike Givón,heis interestedin thecognitive foundationsof lan-
guage.The presentsummaryof Chafe’s positionis basedmostly on (Chafe1994),wherehe
summariseshis positionsandmakessomemoregeneralmethodologicalpoints. All following
citationsreferto thatwork.

Chafe’s theoryof discoursecomprehensionis basedon consciousness.To him, conscious-
ness“is anactive focusingon a smallpartof theconsciousbeing’s self-centeredmodelof the
surroundingworld.” (page28). That self-centeredmodel could be the PersonalExperience
Theory(PET)of eachpersonthatGeroldUngeheuerpostulated(c.f. AppendixD). What is in
the focusof attentionis active. Around thatactive area,we have a block of semiactiveinfor-
mation(or peripheralconsciousness)which we have metearlieron page52 undertheheading
discoursetopic. Sincethe focusof attentioncontinuouslychanges,informationkeepsdrifting
into andoutof focalandperipheralconsciousness.Thiscontinuousflow is theinformationflow
which is suchacentralmetaphorin Chafe’swork. Chafeinterpretstheterm“information” very
widely to meanevents,states,andconcepts.Thus,he canalsotalk aboutthe givennessof a
verbor anadjective.

On this conceptualbasis,Chafedescribesthe givennessof a pieceof information using
threeactivationstates, active, semi-active andinactive. Active informationis in the “focus of
consciousness”(Chafe1987,page25). Semi-activeinformationareconceptswhich apersonis
awareof, but not focusingon at themoment,while inactiveinformationhasto befetchedfrom
long-termmemorywhenneeded.Informationcanbesemiactive for threereasons:

1 eitherit hasbeenmentionedearlierin thediscourse,

1 or it is associatedwith informationthat is or wasactive, andhasbeenactivatedin long-
termmemoryasa result,

1 or it is accessiblevia physicalco-presencein thecommunicationsituation(c.f. Clarkand
Marshall1981)
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Theactivationstateanentity determineshow muchit coststo reactivate. Thehigherthecost,
themorehelpthehearerneeds(andhopefullyalsogets).Althoughthis taxonomyis usefulfor
describingwhatgoeson in themindsof speaker andhearerduringdiscourse,its operationali-
sationis quite difficult (Scḧutze-Coburn 1994)—nowonder, becauseChafe’s activationstates
protocolwhatgoeson in themindof ahearerwhohasto processanew chunkof discourse,and
it alsodependsonthePETof thathearerwhatremainsin hisconsciousness,whathedecidesto
attendto, andwhatdrifts awayquickly.

Like Lambrecht(1994),who heavily built on Chafe’s work, Chafedistinguishesbetween
the identifiability of a discourseentity andits activation status. Identifiability meansthat the
hearercanconnectthe referringexpressionto an existing discourseentity, asbecomesclear
from Chafe’s discussionof genericreferentson page102f. True, the more highly activated
an entity is, the easierit is to identify, but all that countsin the endis that the hearerknows
whatthespeaker is talkingabout—inparticularwhenthatentity is new to thediscourse.There-
fore, Chafeinsiststhat identifiability andactivationshouldbe keptstrictly separate.Whether
a discourseentity is easyto identify dependsamongotherfactorson whetherit belongsto the
commongroundsharedby speakersandhearers,andhow salientit is in thecurrentconversa-
tion. Chafedefines(contextual) saliencehereasthedegreeto which a discourseentity “stands
out” from otherdiscourseentitiesthatmightbecategorizedin thesameway. But identifiability
is not importantfor all nominalexpressions.In particularwhenthey occurin idiomsor near-
idiomaticcollocations,it is not importantto identify thereferentof thenounphraseitself, but
to identify theeventor statethatis beingreportedby theidiom.

Speakerspresentinformationto theirhearersin handychunks,intonationunits. Theseunits
areusuallysmall,sothat they easilyfit into working memory. They aresubjectto whatChafe
callsthe“onenew idea”constraint:thereshouldbeat mostonenew pieceof informationin an
intonationunit, andat leastonegivenone. Subjectshave a specialstatusin this respect:they
mark startingpointsfor processingthe message.Ideally, startingpointsshouldbe given and
active. This led Chafeto formulatethe Light Subjectconstraint:Subjectscarry a light infor-
mationload. “Light” doesnot equal“given”, however. Althoughmostsubjectsin conversation
areindeedboth given andactive, someof themaremerelyaccessible(semiactive). If a sub-
ject expressesnew information,for exampleif it introducesa brand-new discourseentity, then
that informationis trivial andthenew discourseentity will not be importantto the discourse.
Noteagainthat thecriteriaChafepositsarebasedheavily on interpretationandintrospection.
Althoughpeopleappearto agreequitewell on which discourseentitiesareimportantin a text
andwhich arenot (Wright andGivón1987),it is certainlypossibleto deviseany hardandfast
criteria.Theonly approximationto suchameasureis frequency of measure.

Chafe’s theory is perhaps the most “communicative” in the sense of (Ungeheuer
1967/1972a)that we have surveyed so far. Since he intendsto explain how the flow of
information in discourseis signalledby linguistic means,he avoids the temptationof one-
dimensionalityto which Ariel succumbedso eagerly. In fact, Chafeviews her work as an
interestingexplorationof whathehastermed“activationcost”,but clearlyseesits limits. Since
Chaferesolutelytakesa communicative stance,annotatinga discoursewith his categoriesre-
quiresmuchintrospectionandinterpretation.This is not necessarilya badthing; in fact, we
needsuchresearchin orderto give meaningto quantitative andexperimentalresults. On the
otherhand,a linguist thatanalysesa text, asBrown (1995)hasarguedsoincisively, will never
be ableto completelyre-constructthe perspective of thosewho producedthem. Evenworse,
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a linguist needsto approacha discoursewith a heightenedattentionto detail, andan eye for
minuteconnections,that may easily leadher to interpretationsthat werenot intendedby the
addressees.

Finally, let ussummariseChafe’s approachin termsof how discourseentitiesaremanaged.
Hecoversinitialisation only indirectly, becausehisfocusis notonthepointatwhichadiscourse
entity becomespart of a discoursemodel,but on the point at which it is introducedinto the
peripheralconsciousness.For our purposes,we cansaythat if an entity is active or textually
accessible,it is in thediscoursemodel—althoughit is temptingto extendthediscoursemodelto
whatis only semiactive,but hasneverbeenactivebefore.This temptationcanonly beresisted
if we assumethat it makessenseto distinguishbetweenworld knowledgethat is moreor less
relevant to the currentdiscourseanda traceof the pastdiscourseco-text. Chafe’s semiactive
discourse-new referentsprovideanicewayof modellingsomebridginginferences.

Like Givón, Chafeis moreconcernedwith describingaccessthaninitialisation. Chafede-
scribesthecontributionof consciousnessto accessvia activationstates,andthecontributionof
discoursecontext, communitymembership,andphysicalco-presencevia identifiability. Head-
dressesthequestionof updatein hisdiscussionof how intonationunitsareorganised,anchoring
new informationto old.

4.4 Summary

If we want to modelhow discourseentitiesaremanagedcomputationally, we needto cover
threemainfunctions:initialisation,access,andupdate.Theupdatefunctionis perhapsthemost
complex one,becausethathasto take into accountcurrentbeliefs,old beliefs,it hasto doaway
with old beliefs, if necessary. The accessfunction mustmanageconflicting beliefs,different
accessroutes,pragmaticinnuendo,lexical semanticdetours,andpronominalhighways.

In constructionistpsycholinguisticmodelsof discoursecomprehension,thesethreefunc-
tionsaretakencareof by a moregeneralconstruct,thesituationmodelor MentalModel. To
accessa discourseentity meansto accessanimportantstructuralcomponentof themodel,and
to initialiseadiscourseentitymeansto eitheraddanew componentto themodel,or to re-focus
the model so that a meshof propertiesand relationssuddenlyappearsasa unit that can be
referredbackto later in the discourse.Our brief discussionof first mentionshasshown that
it is difficult to determinethe precisetime at which a relatively randommeshmergesinto a
relatively fixed unit. A possiblesolutioncould be that after eachutterance,a numberof po-
tential discourseentitiesareavailableto both speaker andhearer. Entitiesthatwerespecified
by nounphrasesandthat play an importantpart in the currentdiscoursemodelareavailable
longerthanentitiesthatwould correspondto VPsor partsof thediscourse.Whenanentity is
successfullyreferredbackto anaphorically, it hasbeengroundedandbecomesavailableasa
bonafide “conceptualcoathook” (Woods/ Webber).

Althoughmany theoristsattemptto modelhow discourseentitiesaremanaged,I havefound
no approachthat is both cognitively plausibleandeasyto operationalise.However, a few re-
searcherscomeclose,Givón (1995a)with his resolutelyfunctionalistcognitive model, and
Chafe(1994)with hisresolutelyfunctionalistcommunicativemodel.Theproblemwith Chafe’s
work is thathis categoriesarevery difficult to annotate.They requirea gooddealof interpre-
tationandintrospection.Givón’s measures,on theotherhand,arevery easyto measure.They
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canbederivedautomaticallyfrom co-specificationsequences,which are,asI will arguein the
next chapterandin particularin Chapter5.4,abouttheonly aspectof entity statusthatcanbe
annotatedquickly andreliably on largedatasets.SincePrince’s andLambrecht’s taxonomies
needrelatively detailedhearermodelsin orderto beappliedsuccessfully, they will beexplored
furtherin Chapter6 on texts from averyspecificgenrewith a relatively well-researched,albeit
complex, communicationconfiguration.



5 Entity Statusin Corpora

This chapteris an interludebetweenthe theoreticalpart of the thesis(Chapters2–4) andthe
empiricalpart (Chapters6–7). It is dedicatedto questionsof methodology. Thebasicquestion
I posehereis: How shouldcorporabe annotatedfor studyinglinguistic correlatesof entity
status?

Thesectionis structuredasfollows: First I critically review previouscorpus-basedstudies
of entity status(Section5.1) andmake somegeneralremarksaboutthe corpus-basedtesting
of linguistic hypotheses.Then, in Section5.2, I definethe annotationschemethat I usedin
theannotationof theradionews texts. In Section5.3,I discussaquantitativemeasureof entity
status:distancefrom lastmention.Distanceto lastmentionopensupexciting waysof statistical
analysis.In Section5.4,oneof themis exploredfurther: modellingco-specificationsequences
by stochasticprocesses.Finally, in Section5.5, I critically evaluatetheusefulnessof measures
suchasdistancefrom lastmentionfor researchonentity status.

5.1 Corpus-BasedResearch on Entity Status

It would lead too far afield to survey all large-scalecorpus-basedstudiesof anaphorahere.
Thereforein Section5.1.1I presentanoverview of commonlyusedmethodologiesanddiscuss
onecross-genrestudy in detail, that of Biber (1992). Then, in Section5.1.2, I focus on an
aspectthat is particularlyimportantfor the following empiricalchapters,annotationschemes
for sequencesof antecedentsandanaphors.Finally, Section5.1.3presentssomeconclusions.

5.1.1 Corpus-BasedStudies: SomeExamples

Many classicstudiesarecorpus-based:Chafe’s (1980) PearStoriescorpus,which hasbeen
the basisfor much subsequentresearch,the corpusanalysesdocumentedin (Givón 1983c),
Fraurud’s (1990)studyof non-anaphoricdefinites,Gundelet al.’s (1993)GivennessHierarchy,
andAriel’s (1990)AccessibilityTheory. Their resultshave alreadybeendiscussedextensively
in Chapter4; now, I will summarisetheir methodology.

A verycommonmethodis to takearbitrarytexts,oftenfrom magazines,journals,andnov-
els,andto analysethem.Thisappearsto havebeentheprocedurefollowedfor many of theex-
amplesin (Ariel 1990).Brown (1983a)basesherstudyof Topic Continuity in written English
entirelyon thenovel “Dr. No” by Ian Fleming,andGivón (1983b)usesa spokenmonologue
by a manfrom New Mexico. Although this procedurepermitsinterestingqualitative insights,
theresultsaredefinitelynot representative.

Someresearcherswho wantto makemoregeneralclaimstakecareto coverseveralgenres.
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But they do not alwaysspecifythedistribution of their samplesacrossgenresor domains,and
sometimesevendo not specifytheir sources.A goodexamplefor this is (Gundelet al. 1993).
For studyingpatternsof co-specificationin speech,moreandmoreresearchersrecordtheirown
data,task-orientedmonologues(Chafe1980,Nakatani1997)or dialogues(Hockey 1998).

In all studiesfor which the researchershave to collect the datathemselves, the amount
of dataand the depthof analysisare severely restrictedby the time that they can spendon
gatheringandencodingtheir corpus.If, on theotherhand,thecorporayou chooseto work on
arealreadyannotated,e.g. with a syntacticparse,you cananalysemoredatamorethoroughly
andefficiently. This is the strategy that wasfollowed by e.g. (StrubeandWolters2000) for
written languageand(Francis,GregoryandMichaelis1998)for speech.Apart from saving the
analystswork, sucha procedurehasanothercrucialadvantage:Working on publicly available,
standardcorporamakestheresultsmoreeasyto replicate.

A numberof corporahave beencreatedastrainingdatafor anaphorresolutionalgorithms.
The MUC corpusconsistsof hand-annotatednewswire texts which were annotatedfor the
MessageUnderstandingConferencecompetitionsusingthespeciallydesignedMessageUnder-
standingConferenceCoreferenceScheme(MUCCS)wasdesigned.Oneof thelargestefforts is
certainlytheLancasterAnaphoricTreebank,a largebodyof texts from Americannewspapers
whichwasmarkedupwith textualcohesionrelationsfollowing (HallidayandHasan1976).The
annotationeffort is documentedin (Fligelstone1992,Garside,FligelstoneandBotley 1997).
The corpuswas built in order to serve as training data for anaphoraresolutionalgorithms.
da Rocha(1997) labelledpartsof the London-Lundcorpusand a corpusof Brazilian Por-
tugesedialogueshecollectedhimselfwith rich informationsaboutanaphor-antecedent/sponsor
sequences.In particular, he codedfor eachanaphor-sponsorpair the resolutionstrategy that
neededto beappliedin orderto find thesponsor. He presentstheresultsin greatquantitative
detail in whathecallshisantecedentlikelihoodtheoryof anaphorresolution(da Rocha1998).
This theorylargely consistsof a structuredsummaryof thepatternsin his data,arrangedin a
decision-treeformat.

Most corpus-basedstudiesfocusmoreon the linguistic patternsin their dataand lesson
automaticinduction of resolutionor generationalgorithms. From the large numberof such
papers,I will reporton only one,which is particularlypertinentto thecross-genreresearchto
bepresentedin Chapter7, thestudyof Biber (1992). Biber lookedat thedistribution of refer-
ring expressionsacrossgenresin theLondon-Lundcorpusof spokenBritish English(Svartvik
1990), and the Lancaster-Oslo-Bergen (LOB, Johansson,Atwell, GarsideandLeech1986)
corpusof written British English. Thegenresof theLOB corpusaremodelledon thoseof the
Brown corpuswhich is usedextensively in this thesis(c.f. AppendixC). Biber’s generalap-
proachis to identify a setof easy-to-computelinguistic indicators,computetheir frequency in
all texts in his sample,andthenrun a factoranalysison the resultin orderto discover groups
of texts that are obscuredby the categoriesassignedby analysts(Biber 1988). In the 1992
study, heusedthesamemethod,but this time, heconcentratedon featuresdefinedin termsof
co-specificationsequencesandanaphoricexpressions.Biber usestheterm“referentialchains”
in his work.

He chose58 texts from ninegenres(Brown categoriesin brackets): pressreportage(CA),
legaldocuments(CH), humanitiesacademicprose,technicalacademicprose(bothcategoryCJ),
generalfiction (CK), face-to-faceconversation,sportsbroadcasts,spontaneousparliamentary
speeches,andsermons.Fromeachof thesetexts, heanalyzedthefirst two hundredwords. In
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contrast,for BROWN-COSPEC, we usedthe full texts ascontainedin the corpus,but limited
the numberof texts to twelve. In the end,usingfewer, but longer, texts shouldgive a clearer
pictureof thedistribution of referringexpressionthangoing for many brief excerptsfrom the
beginningof texts which arethemselvesfrequentlyexcerptsfrom themiddleof a longerpiece
of discourseAltenberg (1992).

Biber marked up the texts asfollows. In a first pass,heautomaticallyclassifiedall nouns
asreferringandall first andsecondpersonpronounsasexophoric. He thenestablishedlinks
betweenall nounswith the samelexical form, and computedthe position of anaphorsand
antecedents(in prepositionalphrase,in relative clause,in other dependentclauses,in major
clause).In a third pass,heresolvedall pronounsby handandlinkednounsthatwerenot rep-
etitionsof their antecedentsto theproperantecedents.Althoughthis procedureis very simple
andeffective,it completelyfails to take into accountthatthemostbasicunit in co-specification
sequencesarereferringexpressions. He alsomarksanaphor/sponsorpairswherethe anaphor
repeatsthesponsorverbatim,but clearlydoesnot specifythesamediscourseentity (Altenberg
1992). Sinceno parseror chunker wasavailableto Biber, hehadto restricthimself to prepro-
cessingstepsthatareeasyto implementon thebasisof a taggedcorpus.

He thenextracteda numberof featuresthat describedthe frequency of different typesof
referringexpressionsandof typesof co-specificationsequences.Thesefeatureswerecombined
with thescoresof eachtext on thefive dimensionsof genreasdefinedby Biber (1988).These
featuresaresummarisedandcommentedin Table5.1.A factoranalysisyieldedfour referential
dimensions:

InvolvedReferential Strategies: involvedproduction(Biber’s genredimension1), exophoric
anddiscoursedeictic/cataphoricpronouns,long co-specificationsequences,higheraver-
agedistances,few lexical repetitions.

“Named” Referential Strategies: more lexical repetitions,more sequences,higher average
distances,lessnarrative focus(Biber’s genredimension2)

Expository versusNarrati veStrategies: moreexplicit reference(Biber’sgenredimension3),
abstractstyle(dimension5), overtpersuasion(dimension4), lessanaphoricpronounsand
narrative focus(dimension2)

Referential Density: morenew discourseentities,moreentitiesmentionedonly once,higher
averagedistance,smalleraveragechainlength,lessovertpersuasion(dimension4)

Lookingatthemeanscoresof eachgenreonthesedimensions,wefind thatacademicproseuses
many “named” referentialstrategiesandis very denselypopulatedby referents,while general
fiction usesthese“named” strategies leastoften and also scoreson the narrative end of the
“expositoryvs. narrative” dimension.Spotnews (very roughly)patternswith academicprose.

5.1.2 The Questionof Annotation

In computationallinguistics,mostmodernannotationschemesarebasedon SGML, theStan-
dardGeneralisedMarkupLanguage(Goldfarb1990),or XML (eXtendedMarkupLanguage),
a subsetof SGML. In this section,I discusstwo schemesfor theannotationof co-specification
sequencesin moredetail,theMUC scheme(MUCCS,HirschmanandChinchor1997)andthe
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1. total numberof referentialchains(roughlycorrespondingto co-specificationsequences)

2. numberof discourseentitiesthatareonly evokedonce(“deadend”)

3. averagelengthof referentialchains

4. averagedistancebetweentwo mentions

5. maximumdistance(largestaveragedistancein text)

6. first mentions

7. nounsthatarerepeatedin thetext (for Halliday andHasan(1976),thatwould bepartof
lexical cohesion)

8. anaphoricpronouns(nounor pronounantecedentin text)

9. exophoricpronouns(first/secondperson)

10. otherpronouns(labelledby Biber as’vague’)

Table 5.1. Thetenreferentialfeatures(from anoriginal total of 24) chosenfor thefinal factor
analysis.

MATE scheme(Poesio2000).In thatcontext, I will alsodiscussproblemsin annotatingbridg-
ing inferences.For reasonsof space,I will notdiscusssomeof thealternativeschemesthathave
beendevised,suchasthoseof Fligelstone(1992),Botley (1996),or da Rocha(1998).Instead,
I concentrateon thoseschemesthathave influencedmy own work most.

SGML I: MUCCS. ThemostwidespreadSGML-basedschemeis arguablythatwhich was
devisedfor theCoreferenceTaskof theMessageUnderstandingConferences(MUC). Thetask
is roughly specifiedasfollows: Given a newswire text whosestructure(headline,body, etc.)
hasalreadybeenlabelled,find all referringexpressionsandtheco-specificationsequencesthat
hold betweenthem. Systemsneednot detectcompletereferringexpressions;it is sufficient
if they find the correctnominal heads. I will not go into the detailsof the scoringscheme
(Vilain, Burger, Aberdeen,Connolly andHirschman1995)here. Instead,let us focuson the
codingscheme.It wasdesignedwith asimplepremisein mind: Whathumanannotatorscannot
annotatereliably, machinescannotlearn.Therefore,thedesignerstookgreatcareto ensurethat
theguidelinesweresoconcisethatannotatorsdifferedon asfew decisionsaspossible,andthe
schemehasbeenrevisedseveraltimes.Thecurrentversionis (HirschmanandChinchor1997),
written for MUC-7.

Co-specificationsequencesarecodedassequencesof markablesin thetext. Two markables
co-specifyif they accessthe samediscourseentity. This meansthat MUCCSonly allows for
identity relationsbetweenreferringexpressionsandtheir sponsorsor antecedentsin the text.
Thefirst extensionalreferencein a sequenceis calledthegroundinginstance.It connectsthe
sequenceto anindividual in theworld.
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Attribute Description
id auniqueidentifierfor eachreferringNP
ref the identifierof thefirst NP to explicitly refer to thesamediscourseentity that the

currentNPrefersto. For NPswhichmentiondiscourseentitiesfor thefirst time,id
= ref

min theheadof thereferringNP(usedfor scoring)
type thetypeof therelationbetweentwo referringNPs

Table5.2. Attributesof coref elementin MUCCScodingscheme

“Markable” is acover termfor thosereferringexpressionsthatcanbemarkedupaccording
to theguidelines.Theseexpressionsarenouns,nounphrases,andpronouns.In thetext, mark-
ablesareenclosedin coref tags.Thetagsdelimit thecompletephraseincludingdeterminers
and modifiers,but excluding prepositions. The attributesof the coref elementsare sum-
marisedin Table5.2.1 Possessivepronounsarealwaysmarked. NamedEntities(names,dates,
times,currency amounts,andpercentages)arealsomarkable,while partsof NamedEntitiesare
not. Barenounswhich occurasprenominalmodifiersareonly markedif they co-specifywith
theheadof anothermarkableor anameor NamedEntity. Pronounsreferringto propositionsor
eventsarenot marked,neitheraregerunds.Zeropronounsarenot marked,either, neitherare
relationsbetweenrelativepronounsandthegapsthey fill or theNPsthey areattachedto. A co-
ordinationof severalNPsis markable,while thecoordinatedNPsareonly markablethemselves
if they co-specifywith anothermarkable.Thecurrentversionof MUCCSalsopermitsto mark
predicatingNPs.

SGML II: The MATE Scheme. The MATE project2 is a pan-Europeaneffort to standard-
ise both corpusannotationschemes(Mengel,Dybkjaer, Garrido,Heid, Klein, Pirelli, Poesio,
Quazza,Schiffrin andSoria2000)andcorpusannotationtools (Isard,McKelvie, Mengeland
Baum Moller 2000). On thebasisof the review in (DaviesandPoesio1998),Poesio(2000)3

proposesa new schemesuitedfor bothdialogueandmonologueannotation.It is basedon the
MUC schemeandstrivesfor conformityto theguidelinesof theText EncodingInitiative(TEI)4.
Theschemeis dividedinto a coreandanextendedscheme.Thecorepartonly coversrelations
betweenexpressionswhich point to thesamediscourseentity, while the extendedschemeal-
lows for a hostof other typesof relations,mostof theminspiredby Passonneau’s DRAMA
guidelines(Passonneau1996). While the MUC standardscollect all information in a single
SGML element,theMATE schemeproposesfivedifferentelements,summarisedin Table5.3.

coref:de is the general element for discourseentities (here: discoursereferents),
coref:seg is usedwhen the referring expressionis part of anotherword, for example,a
verb. This coverscliticised pronounsin the Romancelanguages.For example,the Spanish

1In SGML, thestructureof a documentis describedby a setof elements.Elementscaninclude(combinations
of) otherelements,but elementsmayneveroverlap.Informationaboutelementsis storedin their attributes.

2http://mate.mip.ou.dk
3(for asummaryof thatscheme,seePoesio,BruneseauxandRomary1999)
4http://etext.virginia.edu/TEI.html
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ElementName description
coref:de discourseentity
coref:ue itemsin thevisualuniverse
coref:link typeof link betweentwo referringexpressions
coref:anchor id of antecedent(embeddedin coref:link)
coref:universe specifyvisualdiscourseuniverse
coref:seg referringexpressionthatis partof aword

Table5.3. Theelementsof theMATE Coreferencetagset

word“dígamelo”consistsof a lexical morpheme,“diga”, thesecondpersonsingularimperative
of “decir” (to say),“me”, the first personsingulardative pronoun,and“lo”, the third person
neuteraccusativepronoun.

coref:universe andcoref:ue describesituationallyaccessiblediscourseentitiesin
dialogue,morespecificallyitemsthat both participantscan(potentially)see. Thesetwo ele-
mentsarebasedon codingconventionsthat weredevelopedby BruneseauxandRomaryfor
task-orienteddialogue.5 In principle,this approachcouldbeextendedin orderto specifyrefer-
entsthatarepartof thehearer’s world knowledge(or “largersituationuses”,Hawkins 1978)),
suchasthe concepts“birth control” and“drunken driving” or the person“Michael Dukakis”
(Massachussettsgovernorat the time of theWBUR broadcastsanalyzedin Chapter6). How-
ever, this is not as straightforward as it seems,since it makes senseto at leastdistinguish
betweenlong term memoryand the immediatesituationas sourcesof knowledgeaboutthe
referent.In principle,somethinglikecoref:universe tagswould be ideal for codingour
assumptionsaboutthecommongroundof communicatorandaddressee.But their definitionis
still restrictedto task-orienteddialogue.For monologuesandeverydayconversation,wewould
needto codeothersourcesof sharedentities,suchascommonmemoriesor commonencultur-
ation. How sociologicallyspecificthe tagsshouldbedependson the researchinterestsof the
annotator.

In the MATE scheme, links betweenreferring expressionsare specified in separate
coref:link elements,which were inspiredby the TEI modellingof links. This way, the
annotatorcannot only distinguishbetweendifferent typesof links, but shecanalsocharac-
terisetheselinks moreprecisely. Theantecedents(if thereis an identity relation)or sponsors
(in casesof bridging)arecodedin separatecoref:anchor elements.Thefollowing example
is takenfrom (Poesio2000,Example4.15)

(5.1) When do we have <coref:de ID="de 01"> orangejuice </coref:de> at
Elmira?
We have<coref:de ID="de 02"> orangejuice</coref:de> at Elmira at 6
a.m.(Text)
<coref:link type"ident" href="coref.xml#id(de 02)">
<coref:anchor href="coref.xml#id(de 01)"/>
</coref:link>

For eachreferringexpression,theannotatorshaveto specifyhow it is linkedto thepreceding

5http://www.loria.fr/ M romary/Documents/index.html
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co-text. Links havetwo attributes,type andhref. In theextendedscheme,whichalsocovers
bridgingrelations,thetype attributespecifiesthetypeof link. Theantecedentis codedin the
coref:anchor element:Thehref attribute of that elementcontainsthe identifier of the
antecedent,while thehref attributeof coref:link pointsto thereferringexpressionitself.

The anchorentity can be difficult to determinewhen thereare several possibleanchors
which belongto a commonscript. For example,considera text wherea jail, formerprisoners,
andahomesurveillancesystemfor theseprisonershavealreadybeenmentioned.Now, theNP
“probationofficer” appears.Clearly, theNP is not linked to any singleof theprecedingones,
but to themaindiscoursetopic of the text. Or a text talksabouta certainjail, thengoeson to
mentiondifferentsubgroupsof its prisoners.Are theseprisonersinferredfrom the implicitly
evokedsetof prisonersof thatjail or directly from theframe“prison”?

On theotherhand,theattributebecomesindispensablewhendecisionsaboutbridgingare
madeon the basisof a modelof the hearer’s world knowledge,becauseit allows to protocol
thebasison which thedecisionwasmade.For example,in thepair “the house”—“thedoor”,
the door canbe identifiedon the basisof the previously mentionedhouseon the basisof the
connectionhasapart(house,door) in aknowledgebase.

Approachesto Bridging: But themostdifficult aspectis surelydevelopinga consistentan-
notationschemefor inferrables. It is notoriouslydifficult to develop a consistentannotation
schemefor bridgingNPs(PoesioandVieira1998).Clark (1977)suggestsasimplereason:Ad-
dresseescanbuild acognitivebridgebetweenadiscourseentityandtheaddressee’sknowledge
in so many differentways that no taxonomywill ever cover all of themsuccinctly. Despite
thesefundamentalproblems(discussedfurtherin Section4.2),non-anaphoricdefinitesaresim-
ply toofrequentin therealworld to beignored.Annotatedcorporabothshow how oftencertain
resolutionstrategiesapplyandhelpdevelopnew resolutionalgorithms(Vieira1998).

In hermarkupschemeDRAMA (Passonneau1996),Passonneauidentifiesseveraltypesof
bridgingreferenceswhich aresummarisedin Table5.4. DRAMA wasoriginally designedfor
dialogannotation.Thesetof markablesis muchlessrestrictedthanwith MUC. In particular,
it alsoallows to markVPsasantecedentsfor referringexpressions.In thetexts thatwereused
for the evaluationreportedin (Passonneau1997), only a subsetof theserelationsoccurred:
thepossessive/genitive relation,subset,andmembership.The resultsshow thatprecisionwas
betterthanrecall: If a relationis recognised,it tendsto berecognisedcorrectly, but quitea few
instancesaresimplyoverlooked.

Poesioand Vieira (1998) useda much simpler annotationschemein their study. They
definedfour classesof definitedescriptionsbasedon theclassificationsof (Hawkins 1978)and
(Prince1981):

anaphoric samehead: adefinitedescriptionwith thesameheadnounoccursearlierin thetext

associative: not to be confusedwith associative anaphoraas we have definedthem in Sec-
tion 4.1.1,this category coversall definitedescriptionswhoseheadsstandin a semantic
relationto theirantecedent

larger situation/unfamiliar: this category coversmost of Prince’s categoriesinferrableand
unused

idiom: thedefinitedescriptionoccursin anidiom
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set/subset Thecookieswerereallynice.Half of themwerefilled
with cream.

part/wholeandphysicalconnection Thehouseis beautiful,andthegardenis well-kept.
causalinference An explosionshook the neighbourhood. The noise

wasdeafening.
propositionalinference It is so hot. Well, this weatherreally gives me a

headache.
genitive/possessivepronouns Theboycarefullytieshisshoes.
implicit arguments Theplanecrashed,but thepilot survived.
implicit andpseudopartitives Hereis oneof mybooks. Wherearetheothers?
plurals Theboykissesthegirl , thenthegirl hits theboy, and

thenthey bothstartcrying.

Table5.4.Relationsbetweenreferringexpressionsin DRAMA

They laterrevisedthefirst two categoriesin orderto distinguishbetweenco-referentialdefinite
descriptionandcasesof bridging. The third category wasseparatedinto larger situationuses
andunfamiliar uses.Largersituationdefinitescanberesolvedon thebasisof whatClark and
Marshall(1981)have termedcommunitymembership,andunfamiliar definitesarebrand-new
discourseentitiesthatareintroducedwith enoughadditionalinformationto makethemuniquely
idenitifiable,giventheco-text.

PoesioandVieira (1998)foundthatannotatorscouldonly distinguishreliablybetweenfirst
andsubsequentmentions.Thefinerdistinctionsof themoreelaborateannotationschemescould
notbeannotatedreliably. Their annotatorsalsohadproblemswith determiningthesponsorsof
definitedescriptionsthatneededto beprocessedusingbridginginferences.

5.1.3 Evaluation and Conclusions

Whenwe want to studylinguistic correlatesof entity statusin corpora,we run into two prob-
lems:

1. We needto investigatethe communicationprocessin which our datawasproducedin
orderto build themodelsof communicatorandaddresseewhich arecentralto theman-
agementaspectsof entity status(c.f. alsoChapter4).

The problemswith labelling bridging comefrom the fact that the hearermodelswere
not specificenough. But then,developingan adequateknowledgebaseof the domain
you areanalyzingis an oneroustaskeven if that domainis relatively small, aswasthe
casefor Hahn,Markert andStrube(1996),who have pursuedthat strategy. Fligelstone
(1992)reportsthat the Lancastergroupfendedoff theseproblemsnot by a knowledge
base,which would not have beenfeasiblefor their corpus(Americannewspapertext),
but by an annotationmanualof morethana hundredpageswhich detailssolutionsfor
contentiouspoints. Lenat(1995)pointsout that the knowledgebasedevelopedfor the
CYC-projectmight beusedasa sourcefor world knowledgein anaphoraresolution,but
sofar, I amnot awareof any work thatusesit.
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2. Referringexpressionsnot only specifyentitiesin a discoursemodel,they alsoshow how
speakers perceive and hearersare supposedto perceive theseentities(Murphy 1992).
They codeopinionsandbeliefs, they evoke social stereotypes,and they delimit social
configurations.Theoriesthatarerestrictedto informationprocessingcannotexplain the
variation that comesfrom theseaspects. As far as I can see,noneof the annotation
schemesI have surveyedevenbeginsto addresstheseissues.True,they have nothingto
do with the analysisof co-specificationsequences,but they arean importantaspectof
analysingthesediscourses.

In this thesis,I proposeto tacklethe two problemsoutlinedin two ways. The first way is to
analyzethe communicationprocesswhich formedeachtext in detail, which givesus the in-
depthanalysisof limited samplesto be found in ConversationAnalysisor ethnomethodology
(Sacks1995). This is the pathI follow in my analysisof radio news. The in-depthanalyses
arereportedin AppendixA; the quantitative resultsanda survey of relevant researchon the
communicationsituationin Chapter6. Alternatively, wecancompletelyneglectthesevariables
andmeasureentity statusin a way that makesaslittle assumptionsaboutthe communication
processaspossible.This is thealternative thatI will investigatein moredetail in Section5.4.

5.2 A Source-BasedSchemefor Annotating the Givennessof
DiscourseEntities

This sectiondocumentsthecodingschemethatwasusedfor markingup theradionews texts.
As wehaveseenin Chapter4, researchershaveproposedmany competingschemesfor describ-
ing givenness—ormanagementaspectsof entity status,asI preferto call it here.To annotate
themall would be extremelytime-consuming.I selectedtwo approachesfor further compar-
ison: the cognitively orientedGivennessHierarchy(Gundelet al. 1993)anda schemebased
onLambrecht(1994)andPassonneau(1996)thatcodesthesourcewhereinformationaboutthe
discourseentity comesfrom, in particular, the informationthat we needin orderto build the
initial description.Thisschemeis describedin Section5.2.2;somederivedtaxonomiesaresum-
marisedin Section5.2.3.Theco-specificationsequencesthemselveswerelabelledaccordingto
amodifiedversionof MUCCSasdocumentedin Section5.2.1.

5.2.1 Marking Co-SpecificationSequences

The basisfor markingwasthe MUCCS scheme,andwhat wasmarked wereco-specification
sequences.Sincewe have no mechanismfor labelling partsof words,we did not label cases
wherea referringexpressionhasan antecedentin an anaphoricisland. This wasa particular
problemwhen annotatingthe Germantexts, becausein thesetexts, compoundswere much
morefrequentthanin theEnglishones.Reflexiveswerenot incorporatedinto co-specification
sequences.In coordinations,we markthecompletecoordination;partsof thecoordinationare
only markedwhenthey arepartof a co-specificationsequence.Contraryto MUC, we do not
distinguishgroundinginstances.We alsodo not labelNPsthatoccurin appositionsto a head
nounor thatareargumentsof copulas.
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Of course,this schemeis far from perfect. In a recentseriesof articles,Kibble andvan
Deemter(1999a,2000)criticisecomputationallinguistic annotationschemesfrom thepoint of
view of formalsemantics.Firstly, they arguethatannotationsshoulddistinguishbetweenprop-
erly co-referringantecedent-anaphorpairs,suchasthat in Example5.2 andpairsthat merely
co-vary, suchasthatin Example5.3wheretheexactreferentdependsontheinstantiationof the
variablethatbothanaphorandantecedentpoint to.

(5.2) [Thesolution]O wefoundin our conversationwasgood.[It] O worksfine.

(5.3) [A solution]O mayemergefrom ourconversations.[It] O shouldwork well, giventhat
we areexperts.

They alsoraisetheissueof interpretingintensionaldescriptionswhosereferentchangesduring
the time that the discoursecovers. We briefly addressedthis issuein Chapter4, when we
identifiedthe needfor an updatemechanism.Kibble andvan Deemter(1999a)alsocriticise
thenotionof co-specificationadvocatedby Webber(1983)andSidner(1983)becauseit is not
clearto themwhatspecificationmeans,andwhetherit alsoincludesboundanaphora.On my
reading,it doesincludethem.

Therealproblemis thatwehave to specifywhatour annotationsareintendedto do. If they
aremeantto elucidatehow languagecanbe representedin termsof a formal semanticsthat
relatesthediscourseto theworld, thenKibble andvanDeemterhave a point. But if theanno-
tationsareintendedto highlighthow repeatedpointingto thesameentityhelpscommunicators
andaddresseesestablishtexture, thenwe needto be moregenerous.As a criterion for deter-
mining co-specification,annotatorscanusea simpleextensionof theco-referencecriterion: if
two referringexpressionsspecifythesameentity in thediscoursemodel,beit a variableor an
individual, link them.Thespecificationrelationlinks referringexpressionswith theentitiesin
thediscoursemodelthatthey access,or, in thecaseof first mentions,evoke. Evoking is not all
or none,asWebber’s(1991)researchondiscoursedeixishasshown. Stretchesof discoursemay
only beavailableassponsorsfor a subsequentreferringexpressionfor a limited time. For ex-
ample,discoursedeicticpronounscanonly refer to regionson theright frontier of a discourse
tree; assoonasa region hasvanishedfrom that frontier, it becomesunavailable. Eckert and
Strube(to appear)exploit this propertyfor constrainingthe searchspacein the resolutionof
discoursedeicticpronouns.A similar restrictionmight beplacedon discourseentitiesthatare
first evokedby attributiveNPsor partsof compounds.

Finally, an interestingfeatureof the MUC-schemeis that its coverageextendswhenwe
changelanguages.What tendsto be expressedby gerundconstructionsin English,reference
to events,andin particularfirst mentionsof events,is expressedin German,thanksto its rich
derivationalmorphology, asanominalisation.

5.2.2 The Source-BasedScheme

Thesource-basedschemewasdevelopedto trackhow discourseentitiesaremanagedin agiven
text. Theschemefocuseson differentinitialisationstrategies;accessroutesfor entitiesthatare
alreadypartof thediscoursemodelwerenotencoded.Thiswouldhave requiredmeto commit
myself to a particularmodelof how discourseentitiesareaccessed,andI amstill reluctantto
do that,asmayhavebecomeapparentfrom thediscussionin Chapter4.

Theschemeis basedonLambrecht(1994,Chapter3), with two maindifferences:
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1 the category of “inferential accessibility”hasbeenexpandedto indicatesomefrequent
typesof bridgingfollowing Passonneau(1996),

1 thecategory “textually accessible”hasbeendroppedcompletely.

Discourseentitiesbecometextually accessibleor displaced(Brown 1983b)whenthey have
notbeenmentionedfor acoupleof sentences.But whenexactlydoesasubjectcrossover from
the setof “active” into the setof “textually accessible”ones?Shouldthe definition be based
on surfaceform, distanceto lastmention,or topicality? It appearsthat“active” and“textually
accessible”marktwo endsof acontinuum;thereforeI collapsethetwo categoriesandmeasure
thepositionof asubjecton this continuumby distanceto lastmention.

Another problematiccategory is unused, which encodesassumptionsabout the hearer’s
worldknowledge.In myanalysesof theAmericanEnglishnewstexts,I assumethatthelisteners
of thisradiostation,alocalstationin Boston,Massachussetts,know aboutthestate,thecity, and
its institutions,but not thepeoplewho have positionsin theseinstitutions,with theexception
of then-governorMichaelDukakis. Furthermore,I assumehearersarefamiliar with concepts
suchas“birth control” or “drunkendriving”. For theGermantexts,very prominentpoliticians
andwell-known companies,suchasDaimler-Benz(now DaimlerChrysler)areassumedto be
familiar to most hearers. When an institution is referredto by an explicit NP that already
appearedasabarenounmodifier, it is assumedto befamiliarandinferrable.

The categoriesin this codingschemearea supersetof the DRAMA categoriesplus some
categoriesthatwereintroducedin theextendedMATE coreferenceannotationstandard(Poesio
2000). They were selectedbecausethey are relatively straightforward to operationaliseand
covermostof theinferrablesfoundin thetexts.

Frame inferrability: A new discourseentityd1 is frameinferrableif thereis adiscourse-old
entity d2 to whichd1 hasa closeconceptualconnection:

1 d1 canbe connectedto a discourse-oldentity d2 usinga PPmodifier; the resultingNP
uniquelyidentifiesadiscourseentity

1 d1canbeuniquelyidentifiedusinga relativeclausecontainingd2

The links betweend1 andd2 comefrom the addressee’s world knowledge,or, morepre-
cisely, from schemataor MOPs(MemoryOrganisationPacket,Schank1982)Thefirst criterion
is motivatedby the observation that if d1 had beenintroducedas “d1 of/from/at/3	3�3 d2”, it
would have beenbrand-new anchored,andnot inferrable. The secondcriterion wasaddedto
cover caseslike Example5.4.a,whereboth “bride” and“church” canbe inferredfrom “wed-
ding”. Both connectionsarebestmadevia therelativeclausesgivenin Example5.4.b.

(5.4) a)Theweddingwasreallyglamorous.Thebrideworeadiamondtiaraandthechurch
wasbeautifullydecorated.
b) the bride who got marriedat the wedding; the church wherethe weddingtook
place

For this source-basedscheme,I definedthe intendedhearerinformally. I specifiedhim in
termsof educationandpolitical interest(“John Doe”, c.f. Chapter6) andsimulatedhim us-
ing my own world knowledge. Two typesof frameinferrability which arestandardrelations
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in semanticnetworks werecodedasseparatecategories: part-wholerelations,alsoknown as
meronymic or has-a-part, which I will call physicalinferrability here,andsetrelations,which
comprisethe well-known is-a or hyponym/hyperonym relation,andwhich I will call set in-
ferrability. Following theMATE scheme,I alsoaddedfunction/valueinferrability for labeling
therelationbetweenanumericalvalueandthevariableit is supposedto fill.

Physical Inferrability covers bridging relationsbasedon physicalconnectionsand part-
whole relations,as in example5.5. Houseshave doors,and doorsare fixed to their frames
by angles. Physicalinferrability canbe labelledratherreliably if decisionsarebasedon the
physicalform of theprototypeof thediscourseentity which sponsorsthenew entity. It is also
partof bothDRAMA andtheMATE scheme.Therefore,it wasincludedin thepresentspecifi-
cation,althoughit neveroccursin theradionews textsbecauseof their restricteddomain.

(5.5) a) [Thehouse]> is in ruins.
b) [Theshattereddoor]Q croaksin thewind.
c) It hasnotbeenpaintedfor years.
d) [Theangles]R arecoveredin rust.

Setinferrability generalisesof Prince’s (1981)ContainingInferrables. It coverscaseswhere
a new discourseentity is an element(Example5.6.a),a subset(Example5.6.b)or a superset
(Example5.6.c)of adiscourseentity thathasalreadybeenmentionedin thetext (in thatexam-
ple, “bread”). Two typesof relationsweredistinguished,classicalisa-links (i.e. member-set
relations)andsubset/supersetrelations.

(5.6) I bought[lots of bread]> andsomecheesetoday.
a) I really neededto getsome[food] Q .
b) [Thepieceof brown bread]R wasquitenice.
c) But [thebuns]S werebarelyedible.

Function-valueinferrability, takenfrom(Poesio2000),is labelledwhenanexpressionrefers
to a valueof a functionmentionedearlieron in thediscourse.Thecategory is extremelyrare
in thenewstexts,becausetherearefew measurementsandspecificationsof amountsof money.
Example:

(5.7) Thewizardspaytheir cook[2000goldpieces]2TE amonth.
They wouldneverhavepayed[this handsomesalary]2TE to abadcook.

Propositional Inferrability: Thiscategoryhandlescasesof discoursedeixis. It applieswhen
a referringexpressionrefersto a state,event,or processwhich hasto dateonly beenexpressed
propositionallyin thediscourse.Theantecedentsof suchdiscoursedeicticexpressionsarenot
markedexplicitly. Example:

(5.8) Yesterday, [two undergroundtrainscrashedin Cologne]> . More than67 peoplewere
hurt in [that crash]> .

Other inferrables: Theremainingpotentialtypesof bridging,suchascausationandplurals,
aremarkedasotherinferrables. They arevery rarein thecorporaI annotated.
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5.2.3 CoarserTaxonomies

On thebasisof thefull source-basedannotationschemethat I developedin theprecedingsec-
tion, andthat is summarisedin Table5.5, I definedfour coarsertaxonomieswith two to four
categories:

DISC: discourse-oldvs. discourse-new (Prince1992)
Old entitieshavealreadybeenmentionedexplicitly in thediscourse,New oneshavenot.

HEARER: hearer-old vs. hearer-new (Prince1992)
Old discourseentitiesareaccessiblevia precedingco-text, world knowledge,or slot in
currentmentalmodelof discourse,New onesarenot.

STAT3: old vs. mediatedvs. new (Strube1998)
Old discourseentitiesareaccessiblevia theprecedingco-text or world knowledge.Medi-
atedonesareaccessiblevia currentmentalmodelor via anexplicit anchorto theco-text,
while new onesare,in Prince’s (1981)terms,brand-new unanchored.

STAT4: brand-new vs. unusedvs. accessiblevs. active
In termsof Figure4.4,Brand-new entitiesareunidentifiable,inactiveentitiesareUnused,
situationallyor inferentially accessibleentitiesarelabelledasAccessible,andtextually
accessibleor active itemsareconsideredto beActive.

Originally, thesesubdivisions were introducedin order to test whether, as found by Brown
(1983b),prosodyonly providesroughindicationsasto entity status,or if therearemoresubtle
correlates.

The dichotomies“hearerold/new” and“discourseold/new” aretaken from Prince(1992).
Sinceit is difficult to classifyinferrablereferentsasdiscourse/hearer-old/new, sheintroduces
inferrablesas a third category. I have not followed that move for two reasons:Firstly, the
original discourseold/new dichotomyis very easyto derive from co-specificationsequences.
Secondly, it is interestingto seehow far we canget with dichotomiesthat highlight different
aspectsof entity status,connectionto the co-text (discourseold/new) and connectionto the
hearer’s knowledge(world knowledge,contentof short-termstore,episodicrepresentationof
currentdiscourse).We will assumeherethatinferrablesarediscourse-new, but hearer-old.

5.3 DistanceMeasures

Many researcherstalk aboutentity statusin cognitive terms,in termsof newness,accessibility,
recoverability, or familiarity. But suchdescriptionsrequiremany inferencesaboutthehearer:
What doeshe know, what canhe infer, andwhat will he forget? In comparisonto theserich
measures,distanceseemsto be almostpre-theoretical.Nevertheless,it is widely usedfor a
numberof reasons.

First, oncewe have a discoursewith co-specificationsequencesandsegmentboundaries,
distancemeasuresrelative to thesesegmentscanbecomputedautomatically. If bothsequence
andsegmentannotationsconformto reliableannotationschemes,the measuresderived from
theseannotationsarereliable,aswell.



5.3
L

DistanceMeasures 105

Source-BasedScheme DerivedSchemes
Code Category Description STAT4 STAT3 DISC HEAR

brand new unknown to hearer
BU unanchored no link to existingdiscourseentity BN new new new
BA anchored link to existingentity BN med new new

U unused known to hearer, new to discourse U old new old
accessible initial representationcan be con-

structedon thebasisof 3	3	3 AC med new old

SIT situation 3�3	3 thecommunicationsituation
INF inference 3�3	3 link to existing discourseentity

X by oneof thesemechanisms—
FRAME frame: partof script/MOPevokedby X

PART part/whole: physicalpartof X
VAL function/value: valueof X
ISA set(isa-Link): elementof X
SET set(other): subset/superset

EVENT nominalisation: nominalisationof VP denotingX
AC active alreadymentionedin discourse A old old old

Table 5.5.Thesource-basedannotationschemeandderivedtaxonomies

Second,computingdistanceinformationis muchfasterthanlabellingany of thecategorical
taxonomiesdiscussedin theprecedingsection.

Third, distance-basedmeasuresarewell suitedfor typologicalstudies,sincethey canbe
definedto be comparatively independentof language-specificcategories(Myhill 1992). This
allows to comparehow distanceto lastmentionaffectstheform of referringexpressionsacross
widely differentlanguagesandcultures.

Finally, whenannotatinglarge amountsof text, the annotatorsoften cannotconstructad-
equatemodelsof the communicationsituationbecausethe texts in most corporaare highly
de-contextualised.Researchershardlyknow who wrote the texts, let alonein which situation
andfor whom.TheBrown corpusis agoodcasein point. Althoughwehave informationabout
theoriginal authorsandpublishers,many of thetexts mirror thetime in which they werewrit-
ten.For thoselinguistswho cannotrecollecttheSixtiesor who arenot qualifiedcontemporary
historians,thetexts cansometimesbedifficult to interpret.All thatsuchlinguistscando, real-
istically, is to stick to thesurface,to the languageitself, annotatingco-specificationsequences
andcomputingnumericaldistancemeasures.

Most distancemeasuresexpressa “distanceto last mention”. The generalrequirements
for a distancemeasurearesimple: Distancesaredefinedon a setunits into which hasbeen
segmented. The distancefunction mapsan arbitrary pair of units onto a naturalnumber V
which we will call thedistancebetweentheseunits in thediscourse.Thefunctionshouldbea
metric. Thismeansthatit satisfiesthefollowing threerequirements(Heuser1993):
1. dist(a,b) W 0, with d(a,b)= 0 if f a= b
2. dist(a,b) = dist(b,a)
3. dist(a,b) X d(a,c)+ d(c,b)

Distancemeasurescandiffer in theunits they arebasedon, in the level of granularity, and
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in their direction (anaphoricvs. cataphoric).Thesethreeaspectswill be discussedin depth
in sections5.3.2(units), 5.3.3(granularity),and5.3.4(direction). But first, let us definethat
betweenwhichwemeasuredistances,mentions.

5.3.1 What is a Mention?

Doesamentionneedto beanovertnounphrase,or cantheNPbeomittedor replacedby averb
ending?Theanswerto this questiondependson thelanguagewe analyze.For languageswith
zeropronouns,suchasJapanese(Aone andBennett1995),Korean(Clancy 1996)or Ancient
Chinese(Li 1997), thosezeroesclearly count as a mention. In pro-droplanguagessuchas
Spanishor Italian,whereovert pronounsaremarked,verbendingscanalsocountasmentions
if thecorrespondingargumentis not codedby a separateNP in thesurfaceform. Englishand
Germanareneitherpro-droplanguagesnordothey havezeropronouns,if wediscountthePRO
of binding theory for a moment(Fanselow and Felix 1987). Therefore,we will only count
surfacereferringexpressionsasmentions:

Definition 5.1(Mention) A discourseentity hasbeenmentionedin a sentenceiff there is an
expressionthat specifiesexactlythis entityandif thatexpressionis notbound.

Givón (1992)alsocountsomittedsubjectsandobjectsin coordinatedclausesasmentions.
Sincein our analysis,suchasymmetriccoordinationscount as one unit, not as two, it does
not distort our numbersif we do not countthesesyntacticgapsasmentions.This decisionis
consistentwith our generalstrategy: rely on surfaceform andsyntacticanalysisasmuchas
possible,avoid semanticanalysisasfaraspossible.6

Centering(Groszet al. 1995)additionallydistinguishesbetweenexplicit andimplicit men-
tions.Explicit mentionsareovert referringexpressions,implicit mentionscovercasesof bridg-
ing. For example,in the secondto fourth sentenceof Example(5.9), the houseitself is not
mentionedexplicitly, but sincethe subjectNPscanonly be interpretedaspartsof thathouse,
wecansaythat“house”is realisedimplicitly. In fact,it is thebackward-lookingcenterof these
sentences.

(5.9) Thehouseis really beautiful.
Thedooris ashiny green.
Theroof hasbeenthatched.
Thewindowsarelarge,with white frames.

Sincesuchbridging referencesarevery difficult to label,andsinceit is oftenvery difficult to
determinethe“true” anchorof abridgingreference,wedid notcountsuchimplicit realisations
asmentions.

5.3.2 Potential Units

Distanceunitscanbecomparedalongthreedimensions:

6Our syntacticanalysisreliesmainly on mainstreamgenerative grammar, which is anotherpoint in which we
differ from analystssuchasChafeor Givón.
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1. Is theunit well-motivatedlinguistically?
Doesit correspondto the domainof linguistic rules,doesit containcompletereferring
expressions?

2. Doestheresultingdistancemeasurecorrelatewith pronominalisation?
If it does,then the measureis useful for answeringtwo importantresearchquestions:
When can a discourseentity be specifiedby a pronoun,and which pronounsspecify
whichentities?

3. Is thedistancemeasuresimpleto calculate?
The basecaseis simple: If an entity is mentionedtwice in the sameunit, the distance
betweenthesetwo mentionsis 0. If theunitsdonotoverlapor nest,thedistancebetween
two mentionsfrom different units is just the numberof units that occur betweentwo
mentionsof thesameentity. If theunitsarenested,thecalculationbecomescomplex: we
needto representsequenceandinclusionrelationsbetweenunits in a graph,anddefine
our distancemeasureonsuchgraphs.

Four typesof unitscanbefoundin theliterature:layoutunits,discoursesegments,referring
expressions,andclauses.

Layout: In written text, paragraphsandsectionsaregoodindicatorsof discoursestructure—
if the writer usesthemcorrectlyandconsistently. Layout structureis alsodeterminedby the
publicationmode(Zinsser1997)andaestheticconsiderations.Many researchersassumethat
paragraphsareunits thatcanbesaidto be“about” onetopic (e.g.Zadrozny andJensen1991).
But the reality appearsto be morecomplex. Rodgers(1966)found that topic boundariesnot
necessarilycoincidewith paragraphboundaries.Chafe(1994)secondsthatargumentwith sam-
ple analyses.Anothergoodexamplefor creative paragraphingis thefirst sectionof (Pratchett
1990),reproducedin AppendixA.2. A critical, empiricalinvestigationof theroleof paragraphs
which comparesparagraphsto othermodelsof discoursestructureis beyondthescopeof this
thesis;it requiresaspeciallyannotatedcorpuswhich I do nothaveyet.

Referring expressions: This is thesmallestunit thatstill makessenselinguistically. Wecan-
not breakdown referringexpressionsinto partsof referringexpressionsthat do not specifya
discourseentity themselves. Eachmentionshouldcorrespondto exactly onereferringexpres-
sion. Although it is temptingto go down to the word level familiar from many quantitative
corpusstudies,many referringexpressionsconsistof morethanoneword. Therefore,we need
to stayon the level of full syntacticconstituents.You canget aroundthis problemasBiber
(1992)did, if youcodeeachreferringexpressionby its headnoun.But you losemuchinterest-
ing informationabouttheinternalmakeupof a referringexpressionthis way.

A distancein termsof thenumberof interveningreferringexpressionstells us how many
discourseentitiesa listenerhasto constructor accessbeforehe needsto accessa certaindis-
courseentity again. In orderto extendthis measureto a measureof somethinglike cognitive
processingload, we would needto associateeachmentionwith an activation or construction
cost.

Although the unit is linguistically plausibleandcanbe givena cognitive interpretation,it
doesnot predictpronominalisationwell. For example,the referentialdistancebetweenLucy Z
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andsheZ in discourse5.10 is 5, in discourse5.11, it is 0. Although five interveningreferents
straintheaddressee’s memory, it is still possibleto referbackto Lucy pronominally.7

(5.10) Jim oftenmeetsLucy Z in the little barwith theold-fashionedfurnitureon thecorner
of Main StreetandParkAvenue.SheZ really enjoys talking to him.

(5.11) Jim oftenmeetsLucy Z . SheZ reallyenjoys talking to him.

Finally, sincereferringexpressionscanbenestedwithin eachother, wecannotmerelydefine
distanceasthenumberof interveningreferringexpressions.Let medemonstratethis point by
giving a semi-formaldefinition of distancein termsof referringexpressions.First, we need
a meansfor representingnestedreferring expressions.For that purpose,we usetreeswith
thestandardmother anddaughter relationsfamiliar from syntax(SagandWasow 1999).
daughter* is thetransitiveclosureof thedaughterrelation.Wecall thesetreesRETrees. The
RETreesareorderedaccordingto theirpositionin thediscourse.

Definition 5.2(RETree) Each referringexpressionr is representedbya nodein a RETree. If a
referringexpressionr > is thedaughterof anotherreferringexpressionr Q , thenr > is thedaughter
if r Q in theRETree. Else, it formstherootnodeof its ownRETree.

Figure5.1givestheRETreesfor thefirst two sentencesof thetext Dayton2 in Figure6.5,
Appendix6.4.1.

Definition 5.3(Distanceto Last Mention in Termsof Referring Expressions)Let r > , r Q be
two referringexpressions,t > , t Q theRETreesin which they occur, distance\ a distancemeasure
definedon trees,anddistance] a measure for thedistancebetweenRETrees.

if (t > == t Q ) then
distance(r> ,r Q ) := distance\ betweenthecorrespondingnodes

elsedistance(r> ,r Q ) := distance\ (r > , rootnodeof t > )
+ distance] (t > , t Q )
+ distance\ (r Q , rootnodeof t Q )

Definition 5.3 is still very general;it is not clearhow we shouldmeasurethe distancebe-
tweenRETrees,or how we shouldweigh distanceswithin a treeanddistancesbetweentrees
whencalculatingtheoveralldistance.To seehow themeasureworks,let usconsiderFigure5.1
again.Syntactically, it makessenseto assumethatthedistancebetweenmotheranddaughterin
aRETreeis smallerthanthedistancebetweentwo RETrees,sincemotheranddaughterbelong
to thesamecomplex referringexpression.Therefore,wedefinedistance\ ashalf thenumberof
nodesbetweenareferringexpressionandtherootof its RETree,anddistance] asthenumberof
interveningRETrees.With thesedefinition,thedistancebetweenthereferringexpressionsD1

7This effect canbeexplainedby two differentcognitivemechanisms:salienceandframes(Schank1977).The
salienceexplanationis straightforward: SinceLucy is a humanbeingandin objectposition,sheis moresalient
thanphysicalobjectsin adjunctposition(Givón1992,Fraurud1996).Thescriptinterpretationis not lessintuitive:
All of theNPsandPPsin theexamplefill aslot in a meetingscript(who meetswhomwhere).
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Sentence1

9 9 9 9 9 9
::::::

BundeskanzlerKohl ^_> Konsequenzen

Scheitern

Verhandlungen`�>
Dayton

Sentence2

a a a a a a a a a a a a a a a a a a

9 9 9 9 9 9 9 9 9

:::::::::

bbbbbbbbbbbbbbbbbb

Singapur

Asienreise

seiner̂cQ
Kanzler ^cR Rückflug

Deutschland

Konferenz̀dQ positiveRegelung

Figure5.1.Sampleanalysesof RETreesfor thefirst two sentencesin Text Dayton2. D: Dayton
peacetalks,K: ChancellorKohl

andD2, bothreferringto theDaytonpeacetalksis 2*0.5 (two nodesbetweenD1 andthehead
of its RETree)+ 4 (interveningRETrees)+ 0 (D2 is headof its RETree)= 5. Regardingthe
referencesto ChancellorKohl, thedistancebetweenK1 andK2 is 2, andthedistancebetween
K2 andK3 is 1.

To sumup, defininga properdistancemeasureon referringexpressionsis difficult, andas
longasit cannotbeconnectedreasonablywell with somenotionof processingload,it doesnot
makesenseto definesuchameasureoncorpora,exceptfor thesakeof experiment.

DiscourseSegments: Althoughpurelylineardistancemeasuresalonecanaccountfor mostof
thepronounsin adiscourse,they sometimespredictapronounwhereafull NPwasused.Some
casesof pronounovergenerationcanbe explainedby aspectsof discoursestructure,suchas
segmentboundaries.Examplesandrelevantresultsarediscussedin Section3.3. Theproblem
with discoursesegmentsis that it is difficult to develop reliable annotationschemeswhich
areboth language-andgenre-independent.As Mannet al. (1992)acknowledge,thesegment
structureof a text, andin particulartheexactrhetoricalrelationsbetweensegments,dependto a
largedegreeontheaddressee’s interpretation.Wealsoneedto keepin mind thattherearemany
otherwaysof signallingthebeginningof a new discoursesegment:shifts in time andaspect,
discoursemarkers,explicit changesof location,andsoon. Fox (1987)obtainedherresultson
pronounsthat referredto persons,andmany of her texts canbe saidto be aboutpersons.No
wonderthatreferringexpressionswereimportantcuesto structure.It remainsto beseenif that
resultstill holdsfor textswith severalmainprotagoniststhroughoutthecompletetext, or which
areaboutideasratherthanpeople.
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Discoursesegmentsalsopresentformal problems:As with referringexpressions,the dis-
tancemeasurequickly getsconvoluted. Again, let me illustrate what I meanby a general,
semi-formaldefinitionof distanceto lastmentionin termsof discoursesegments.

Let e bethesetof segmentsthata discourseconsistsof, andlet usassumethateachword
of thediscoursebelongsto at leastoneunit. Let egf bea subsetof e sothateachword of the
discoursebelongsto exactlyonesegmenthFije_f . Theseunits h!ike_f aredisjointsetsthatform
a completepartition of the setof wordsin the discourse.On the basisof theseunits, we can
definea linearprecedencerelation:a segment h�lmine_f precedesanothersegment h�l lmioe_f if h�l
occursbefore h l l in thediscourse.

Thehierarchicalorganisationof thesegmentsof adiscoursecanberepresentedformally by
agraph(c.f. Marcu1997,for suchaformalisationof RST).Onsuchagraph,wecannow define
thedistancebetweentwo unitsasfollows:

Definition 5.4(Distancebetweentwo Units) Thedistancedist(s; ,sp ) betweentwo unitss; , sp
in a graphG is thecostof thecheapestpathbetweens; andsp in G. Thecostof a path is the
sumof thecostsof all arcsthatare traversedon thatpath.

This distancemeasurespecifiesa metricon e_f . Thecostfunctionenablesusto implement
somethinglike forgetting,or theeffect of segmentboundaries:to traversea segmentboundary
is muchmorecostlythanto remainwithin thesamesegment.Themorehigh-level thesegment,
the higherthe costs. For example,we could definethe following costfunction on Groszand
Sidner(1986)stylediscoursetrees:

transitionwithin samediscoursesegment: costof 1 perclause
transitionfrom DS1to DS2:
a)DS1satisfaction-precedesDS2 costof 4
b) DS2dominatesDS1(nestedfocusspaces) costof 2

Oncewehavedefinedhow thediscourseis to bepartitionedinto segments,weneedto relate
thediscourseentitiesto thesegmentsin which they occur, we candefinethedistancebetween
two mentionsasfollows:

Definition 5.5(DistancebetweenMentions) Let M(e) be thesetof all explicit mentionsof a
discourseentity e i E in thediscourse. Let Occ bean injectivefunctionthat associateseach
mentionwith the unit in which it occurs. Then,the distancebetweentwo mentionsm, m’ is
givenbydist(Occ(m),Occ(m’))

The definition of qsrtr is still a bit vague:shouldthe unit in which the mentionis saidto
occurthe lowestsuchunit in the treeor thehighest? If we choosethe lowestunits,we areon
thelevel of e_f , thesmallestsegmentsthatarebothdisjointandcover thediscoursecompletely.
Suchsegmentsareclauses,whichwewill examinein moredetailonpages111f. . If weopt for
theseunits,wecanmodellineardistanceeffectsquitewell (Fox 1987,Walker1998).

If, on the otherhand,we promotementionsto segmentsthat correspondto longerspans
of text, we needto decidewhich entitiesarecentralin thatspan,andfind a way of promoting
mentionsof that entitiesto segmentsat a higherlevel of discoursestructure.Onesolutionto
thatproblemhasbeenproposedby VeinsTheory(IdeandCristea2000,c.f. alsopage34).

Finally, weneedto specifywhich mentionscountasnext or lastpreviousmentions.
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Definition 5.6(Next and Last Mention) Let m i M(e) be a mentionof a discourseentity e,
andlet o = Occ(m)betheunit in which m occurs.

If there is a m’ i M(e) so that Occ(m’) precedesOcc(m)and all other m” i M(e) that
precedemalsoprecedem’, thenm’ is the last (previous) mention of e.

If there is a m’ i M(e) sothat Occ(m)precedesOcc(m’)andall otherm” i M(e) that are
precededbym arealsoprecededbym’, thenm’ is thenext mention of e.

I have presenteda very generaldefinition of a distancemeasurebasedon a precedence
relation;in thatdefinition,I have discusseda numberof problemsthatarisewhenwe definea
distancemeasureondiscoursestructure.Let usnow turn to aunit thatis muchmorepopularin
theliteratureandmakesfor muchsimplerdistancemeasures:theclause.

Clauses: This is the standardunit in the literature. But what is a clause?A languageengi-
neerwould take a clauseto beanything betweentwo full stops(or equivalentpunctuation).A
semanticistwould arguethat theadequateunit arepropositions,whetherexpressedby a major
clause,a minor clause,or a clausewith a non-finiteverbalhead. But if we are interestedin
how distanceinfluencestheform of referringexpressions,theunderlyingunit shouldbesyntac-
tic, sincesyntaxplacesconsiderableconstraintson the form of referringexpressions(seee.g.
Chomsky 1981,Fanselow andFelix 1987).

But what shouldbe the syntacticunit? Along with mostresearchersin the field, we will
usemajor clauses,because—atleastin EnglishandGerman—many syntacticconstraintson
the form of referringexpressionsoperateon this level. Somescholarsattemptto reducethe
phenomenathatsyntacticbindingtheoryaccountsfor, suchastheuseof reflexives,to pragmatic
principlesor cognitive principles,suchasaccessibility. For a recentdebate,see(Ariel 1994,
Levinson1991,Huang1993). We have not consideredsuchreductionshere,becausecurrent
binding theory describesconstraintson the form of referring expressionsthat hold within a
sentencereasonablywell, including gaps. In Example5.12, onemajor clausewith an overt
subjectis coordinatedwith other, subjectlessmajorclauses.

(5.12) And drunken captainVimesof the Night Watchstaggeredslowly down the street,
foldedgentlyinto thegutteroutsidetheWatchHouseandlay therewhile, abovehim,
strangelettersmadeof light sizzledin the dampandchangedcolour 3	3	3 (Pratchett
1990,page7; seealsoAppendixA.2)

Do we have oneor two unitshere?Sincetheclausesarecoordinated,we assumethat thegap
in thesubjectpositionsof thesecondandthird clauseis co-indexedwith thesubjectin thefirst
clause(Büring andHartmann1998).Therefore,all threesentencesform oneunit. This unit is
whatwecall a Major ClauseUnit (MCU, StrubeandWolters2000):

Definition 5.7(Major ClauseUnit:) A Major ClauseUnit consistsof a majorclause, all co-
ordinatedsubjectlessmajor clauseswhere the subjectpositionis co-indexedwith the subject
of the main major clause, and all minor clausesthat are subordinatedto any of thesemajor
clauses.

Of course,this definition is far from perfect. For example,paragraph2.3, AppendixA.2,
is repletewith sequencesof wordsbetweenfull stopsthat have neithera verb nor a subject,
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anduncoordinatedsubjectlesssentences.Someof these“sentences”,suchassentence2 and3,
simulatesomekind of repair:Vimesis strugglingto find theright wordsfor thecity in whose
guttershe is reclining. In sentences5 and6, thesubjectis clearlyelided. Suchcasesarerare
in thecorpusof educated,standardAmericanEnglishthatwasanalysedin (StrubeandWolters
2000),but if our unit definition is to be applicableto all kinds of texts, we will have to mark
elidedsubjectsexplicitly in theannotations.Therearecurrentlynowell-validatedguidelinesfor
EnglishandGermanfor labellingwhetheranargumenthasbeenelidedor not,andfor labelling
why this ellipsis waspossible. Elided argumentsareneitherpart of the MUC specifications
(HirschmanandChinchor1997),nor of theMATE guidelines(Poesio2000).Sincetheempir-
ical work on BROWN-COSPEC focuseson the influenceof entity statuson pronominalisation,
notontheinfluenceof entitystatusontheform of referringexpressionsin general,thetreatment
of ellipsisis left to futurework.

SinceMCUs form a complete,linear, disjoint partition of a text, we candefinea distance
measureon them. Let usdefineanindex functionwhich assignsthenumberu to the ith MCU
in thediscourse.Then,dist(u; ,up ) = v index(u; ) - index(up ) v , which is ametriconN, thespaceof
naturalnumbers(Heuser1993).Thegraphthatconnectstheunits is a straightline. An unit u;
is only connectedto its immediatepredecessorandits immediatesuccessor. Thissimplemodel
hasthreeadvantages:

1. It doesnot assumeany specifictheoryof discoursestructure.Instead,it focuseson mod-
elling thestronglinearsequenceeffectsthathave beenobservedboth in corpusandex-
perimentalstudies.

2. Thecostsfor eacharccanbekeptto 1. To determinethecostfunctionfor arcsto higher-
level unitsis still anopenproblem.Theresultsof Fox (1987)suggestthatthecostof such
anupwardstransitionshouldbehigherthanthatof anormallineartransition.

3. MCUs canbe viewed as temporalunits. On the basisof this reinterpretation,we can
now definefor eachdiscourseentityastochasticprocessthatgeneratesits occurrencesin
a discourse.The distancebetweentwo mentionsin MCUs is the time that haselapsed
betweenthesementions.

5.3.3 Granularity

Whenwe analysedistances,it is oftenconvenientto reducethelargenumberof valuesfor dis-
tancemeasuresbasedon small units to a few relevant ones. In mostcases,thesereductions
aretheoreticallymotivated.In anaphoraresolution,for example,algorithmsfrequentlyoperate
with the categories“intrasentential”,“intersentential:antecedentin previous clause”and“in-
tersentential:antecedentmorethan1 clauseaway”. The fewer categorieswe have, thehigher
thecell countsin contingency tables,andthemorerobusttheresultsfrom statisticaltests.The
situationchanges,however, if wetreatdistanceasaninterval-scaledvariable—inthiscase,only
suchtransformationsarepermittedthatpreserve thescaling.

A populardistancemeasurein discourseanalysisis theReferentialDistance(RD) of Givón
(1983a,1992),which hasbeendiscussedcritically in Section4.3.6. To recapitulate,thebasic
unit of RD is the clause. Elided subjectsor otherargumentsof the verb in clausesare also
countedasmentions.All distancesgreaterthan20 clausesaremappedto thevalue20, which
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Figure5.2. Distributionof distancesto lastmentionin thecompletecorpus

wasfixedarbitrarily; first mentionsarealsoassignedthis value.I have alreadydiscussedsome
methodologicalproblemswith this measurein Section4.3.5. Here, I focuson the statistical
analysisthatRD asit standspermits.

First, RD is ordinal,not interval-scaled,becausethe interval betweenthecut-off value20,
which is acategory, andits predecessor19,which is still anactualdistance,is notwell-defined.
This is no problemfor mostanalysts,who usenon-parametrictests,anyway. A ¨ Q analysisis
difficult, becausein all contingency tables,cellsthatcorrespondto distancesabove10will have
very few entries. This makesthe significanceresultslessvalid. Becauseof the sheersizeof
the resultingtable,it will often be impossibleto replacë Q by Fisher’s exact test. If we treat
RD asan ordinal measure,on the otherhand,we get accessto non-parametrictestssuchas
Kruskal’s H-test,which is essentiallya non-parametricversionof a one-dimensionalanalysis
of variance,andtheWilcoxsonandMann-Whitney tests.Finally, Givón’s transformationdra-
matically skews thedistribution of thedistancemeasure.Figure5.2 shows thedistribution of
distancesto lastmentionin MCUs for all 12 texts in BROWN-COSPEC without first mentions.
Weseethatthedistribution is distinctly reminiscentof anexponentialdistribution,whichcould
provide thebasisof a Poissonprocessmodelof co-specificationsequences.Figure5.3 shows
whathappensto thedistribution if all distancesW 20 aremappedto 20 (left graph),andwhen
we apply the original definition (right graph). We seethat the potentialstatisticalgeneralisa-
tion is lost almostcompletely. On the otherhand,if we do not cut the possiblevaluesof a
distancemeasureoff at20,andif weacceptthatdistancemeasuresarejustnotwell-definedfor
first mentions,wecanfind astraightforwardparametricmodelfor distancedistributionswhose
mathematicalform canevenyield someinterestinginsightsinto thelinguistic functionof entity
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Figure 5.3. Distribution of ReferentialDistancein the completecorpus. left: without first
mentions,right: with first mentions

status.Suchamodelwill bediscussedin Section5.4.

5.3.4 Dir ectionality

Co-specificationcanbeexaminedfrom two directions:

1 cataphoric(forward): For which referringexpressionis thecurrentphraseantecedent?

1 anaphoric(backward): Whatis theantecedentof thecurrentreferringexpression?

Thesecondquestionhasreceived far moreattention,becauseit is centralto anaphorares-
olution. The first directionhasonly beenexaminedsporadicallyso far, andoneof the few
researchersto presentquantitative resultshasbeen,again,Givón. His Topic Persistence(TP)
measureshow oftenanentity occursin the tenunitsaftercurrentone. At first glance,TP ap-
pearsto beasproblematicasRD. Like thefirst measure,it is basedon anarbitrarythreshold.
Moreover, it is moredifficult to compute—atleastby hand—thanthefirst one.Takentogether
with RD, it hasa straightforwardlinguistic interpretation,which is alsogivenby Givón. If TP
is high, thentheentity is currentlytopical. If bothRD andTP arehigh, theentity is becoming
topical in thecurrentclause.If bothRD andTP arelow, theentity is losing its currentstatus
andis aboutto becomesemiactive. With a high RD anda low TP, theentity is clearlynot topi-
cal. Whatthemeasuredoesnotprovidearecut-off pointswhichwouldenableusto statewhen
exactly TP is high enough.In fact,therangeanddistribution of TP valuesdependcrucially on
the structureof the discoursethat is beinganalyzed.For example,TP is lower in short texts
with many potentialtopicsthanin long texts abouta singleperson.TP may alsobe lower in
argumentative texts,wherea singleissueis discussedundermany potentiallyrelevantaspects.
Potentially, theTP valuesof all theentitiesin a text tell usmuchaboutboth the statusof the
discourseentitiesthatwerementionedandthestructureof thetext itself.
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5.3.5 Summary

We have seenthat althoughdistancemeasuresappearto be easyto defineandeven easierto
compute,therearestill a numberof openresearchproblems.Finding an adequateunit is the
first one. We have arguedthat for written text prosetext, MCUs (Major ClauseUnits) are
a goodchoice,becausemostsyntacticconstraintson the form andinterpretationof referring
expressionsoperatewithin major clauses. For speech,the size of this unit is still an open
question.

Thediscussionof Givón’s distancemeasureshasshown thatdistancesshouldeitherbede-
finedasfully interval-scaledvariables,or reducedto a smallnumberof categorieswith an in-
dependenttheoreticalmotivation.Arbitrary cut-off pointsonly obscuregeneralisations.There-
fore,we will useeitherfull distancemeasuresor a four-way distinctionbetweenfirst mentions
andsubsequentmentionsin thesameclause,in thepreviousclause,or earlier. This distinction
is motivatedby researchonanaphoraresolution.Sincewehaveonly four categories,mostcon-
tingency tablesaredenselypopulated,sothatwehaveawiderangeof statisticsatourdisposal.

5.4 The StochasticProcessof Mentioning

Co-specificationsequencesdocumentseriesof mentions.But whatis themechanismthatgen-
eratesthesementions,thatgeneratesoccurrencesof adiscourseentity in a text? In this section,
I explorewhata stochasticmodelof this mentiongeneratingprocessmight look like. Sucha
modelrequireslargeamountsof data,muchmorethanwhatwehavewith BROWN-COSPEC. In
Section5.4.1,I introducethebasicstatisticalmodelused,thePoissonprocess,andexplorehow
suitableit is for modellingthedata.Thenin Section5.4.2,I proposea morecomplex approach
that theactivationlevel of a discourseentity variesduringa text, andhow thatactivationlevel
affectstheprobabilitythatit getsmentioned.

5.4.1 Foundations

The centraldatathat our modelneedsto cover arethe quantitative patternsthat arefound in
co-specificationsequences.In orderto modelthesepatternsstatistically, we needto translate
co-specificationsequencesinto thelanguageof anappropriateprobabilisticmodel.Thatmodel
is astochasticprocess: we imaginethateachmentionof adiscourseentity in a text is generated
by a randommechanism,andwewantto know how this mechanismbehaves.

Let usproceedinductively. First we look at thedistribution of thedistances.For thecom-
pleteBROWN-COSPEC corpus,that distribution is given in Figure5.2, page113. Figure5.4
givesthedistribution of distancesfor the radionews corporaAUDIX-4 andDLF-RE. We see
thatthelongeradistanceto lastmention,thelessfrequentlyit occursin thecorpus.Thefrequen-
ciesdeclineexponentially, exceptfor distance0. This is not surprising:Distance0 meansthat
thelastmentionoccurredwithin thecurrentMCU. Onereasonis thatwithin a MCU, syntactic
rulesaresupposedto influencewhenandhow a discourseentity canbementionedexplicitly.
But thereis another, morefundamentalrestriction: propositionstendto be aboutthe relation
of discourseentitiesto other discourseentities,not aboutthe relationof discourseentitiesto
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Figure5.4.Distanceto lastmentionfor DLF-RE andAUDIX-4.

themselves.8 Hence,discourseentitiesusuallyonly occuronce,rarely twice, in the argument
positionsof aclause.

We cannotjust excludethesezerodistancesfrom themodel,becausethatwould seriously
distortthemappingbetweenthestatisticalmodelandthedomainto bemodelled.Thatdomain
is thedistributionof thementionsof adiscourseentity in a text, andwecannotarbitrarily cut it
just to suit our model.

Theexponentialdeclineof thefrequenciesfrom distance1 onwardsremindsoneof Poisson
processes(c.f. AppendixB.5). Theeventswe considerherearementionsof discourseentities,
andtherandomvariables

� ; describethedistancebetweentwo mentionsof thesamediscourse
entity. ThePoissonprocesscountsthenumberof timesanentity occursin thetext. Distances
arereinterpretedaswaiting times: thedistanceto the last mentionin MCUs is the “time” the
addresseehasto wait until adiscourseentity is mentionedagain.Poissonprocessesarepopular
statisticalmodelsof languagein Quantitative Linguistics (for a recentliteraturereview, c.f.
Leopold1998).9 But canthey beextendedto modellingco-specificationsequences?

In a Poissonmodel,we assumethat distancesbetweentwo mentionsfollow an exponen-
tial distribution. Table5.6givestheaveragedistancesbetweentwo mentionsfor thecomplete
BROWN-COSPEC-corpusandfor eachgenre-specificsub-corpus.For eachof thesefivecorpora,
I estimatedtheparameter� of thecorrespondingexponentialdistribution by theinverseof the
averagedistancein the corpus. This is the maximum-likelihoodestimator(Lindsay1995). I
thengeneratedarandomsamplefrom anexponentialdistributionwith theestimatedparameter,

8 ����� althoughit is fairly easyto constructa completelynarcissisticdiscoursesuchas“He first washedhimself
with hisown hands,thenheldhimselftightly in hisarms,anddecidedall by himselfto clonehimselfjust to beable
to bewith himselfmoreoften.” This MCU containseightmentionsof thesamediscourseentity, which represents
a manwho would preferto remainanonymousfor themoment.If we do not countthe reflexives,thenumberof
mentionsis reducedto three.

9Much researchin Quantitative Linguistics is limited to word-sizedunits. In this section,in contrast,I use
phrase-sizedunits,whicharebettermotivatedfrom a linguistic pointof view.
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Data all texts
all def. pro

averagedistance 3.44 9.79 1.14
KS teststatistic 0.2446 0.1453 0.1282

Data CF CG

all def. pro all def. pro
averagedistance 2.53 4.99 0.84 2.93 4.06 1.29
KS teststatistic 0.2285 0.2571 0.0828 0.1535 0.1562 0.0745

Data CK CL

all def. pro all def. pro
averagedistance 2.73 14.88 0.94 4.74 12.33 1.43
KS teststatistic 0.2777 0.1864 0.2091 0.2794 0.1329 0.1447

Table 5.6. Fit of exponentialdistribution to the datafor subsequentmentions.def.: definites
only, pro: pronounsonly. bold: nosignificantdifferencebetweenrandomsampleandempirical
distribution,criterion: p � 0.005,estimatesmaybeunreliablebecauseof a few ties

andcomparedthesampleto theempiricaldistribution usingthenon-parametricKolmogoroff-
Smirnoff (KS) teston theBROWN-COSPEC-corpus.TheKS testdeterminesfor any two sam-
pleshow likely it is that they weredrawn from the samepopulation. The test fails, both on
thecompletecorpus,andon all four genres.Table5.6summarisesfor eachcorpustheaverage
distanceandthevalueof theteststatistic.The lower thestatistic,themorelikely it is that two
samplesarefrom thesamedistribution. GenreCG, which hastheshortestco-specificationse-
quences,comesclosestto theestimate.Thefit is reasonablygoodfor definitesandpronouns,
but not for all referringexpressions.Moreover, for CL, the distribution never fits well. This
indicatesthat what we needmight be a mixture of distributions,not a singleone,wherethe
partsof themixturecover differentformsof referringexpressions.Moreover, thebasicmodel
assumptionsmight breakdown for genreswherea few discourseentitieswhich dominatelarge
stretchesof text.

Figure5.5 suggestsmorereasonsfor theseproblems.The empiricaldistribution declines
moresharplythantheexponentialdistribution, andhasa far longertail. Thereis a clearpeak
around1, thetypicaldistancefor centraldiscourseentities.Theproblemis not limited to intra-
sententialanaphora,wherewe have alreadyidentified syntacticinfluencesthat might distort
the picture—it concernsthe overall shape. Sucha patterncannothave beengeneratedby a
stationaryPoissonprocess,or a sum of stationaryPoissonprocesses.The mechanismthat
generatesmentionshasto bemorecomplex. Thefit is muchbetterwhenwerestrictourselvesto
typical anaphoricconstructions,suchasdefinitesandpronouns.Focusingon pronouns(Figure
5.6),weseethattheintra-sententialanaphoradistortthefit muchmorefor thecompletecorpus
thanfor genreCG.
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Figure 5.5. Fit of exponentialdistribution to thedata— predicteddistances(straightline) ver-
susempiricaldistances(connecteddots). Upperfigure: completecorpus,lower figure: Genre
CG, bestfit
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Figure 5.6. Fit of exponentialdistribution to the data for pronouns— predicteddistances
(straight line) versusempirical distances(connecteddots). Upper figure: completecorpus,
lowerfigure: GenreCG, bestfit
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Figure5.7.Distanceto lastmentionversuspositionof amentionin aco-specificationsequence
for threeentities.Thepositionis givenby “Numberof Occurrence”.All threeentitiesarethe
mostfrequentonesin their respective texts. The first mentionhasthe distancevalue-1. The
graphsshow clearly the valleys that correspondto discoursesegmentswherethe entitiesare
protagonists.

5.4.2 Activevs. BackgroundedStates

What do we make of theseresults? Why doesthe exponentialdistribution fit well for some
anaphoricreferringexpressions,but badly overall? I assumethat the real culprit for the bad
fit lies in the assumptionsthat the Poissonprocessesmake, morepreciselyin the assumption
thatall distancesareindependent.Figure5.7showshow distanceto lastmentionvariesduring
a co-specificationsequencefor the mostfrequententitiesof eachof the 12 texts. Clearly the
processwhich generatestheseentitiesis not stationary. From the graphs,we candistinguish
two basicstatesof thosediscourseentities:

Case1: The entity is a central referent. The distanceto last mentionvariesbetween0
and 2, which meansthat the antecedentoccurredlessthan threeclausesago. The entity is
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Figure5.8.Poissondistributionwith ��� = 10

highly activated;usually, thishighactivationpersistsduringseveralclauses.Theentityappears
to be somekind of central referent in the senseof van Dijk (1980). The ratewith which it
is mentionedis more or lessconstant;it oscillatesaround1. The processwhich generates
mentionsof theentity is stationary. This casecanbemodelledby a stationaryPoissonprocess
with rate1: In asegmentwith a lengthof � MCUs,wewouldexpecttheentity to occurexactly
� times. If the entity occurssignificantly lessoften than that, it is not central. We can test
whethertheobserved frequency deviatessignificantlyfrom the expectedoneusingEq. B.24.
Let � bethenumberof occurrenceswe foundin thecorpus,and � thenumberof MCUs in the
corpus,thenP(N(x)���u� �����+� is the probability that we will find � or lessoccurrencesin a
corpusof � MCUs, if theentity occurson averageonceperMCU. A preliminaryevaluationof
thisheuristicon theBROWN-COSPEC texts indicatesthatthis testis ratherconservative. CL06,
CK25, andCK29 all have strongcentralreferents,andthenumberof occurrencesin thetext is
significantlyhigher thanwhatwe would expectfor a rateof ����� (p � 0.01for the CK-texts,
p � 0.05for theCL-text). Thisshowsthatthe“true” ratesof thecentralreferentsarelikely to be
higher.

Applying thetestonly makessensewhenthediscoursesegmentis long. Figure5.8shows
a Poissondistribution with ��� = 10, which correspondsto discoursesegmentsof 10 MCUs in
lengthandarateof 1 mentionperMCU. Thecutoff pointhereis 5: If anentityoccurslessthan
four timesin asegment,it is highly unlikely to beacentralreferent(p � 0.05).For a lengthof 5
units,however, this cutoff point dropsto 1.

What is the theoreticalstatusof this Poissonmodel?All thedatawe have gatheredso far
seemsto suggestthatit doesnotfit well. Evenfor entitiesthatarecentralto thewholetext, the
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modelhasproblems.I comparedthedistribution of thedistancesof thethreecentralreferents
from texts CL06, CK25, and CK29 to the exponentialdistribution we would expect themto
have. Noneof themfit well—mainly becausein the empiricaldistribution, thereare strong
constraintson whetheranentity canbementionedagainin thesameMCU. But aslong aswe
donothaveastochasticmodelof theseconstraints,astationaryPoissonprocessprovidesatleast
somereasonableheuristics—thefits for certaintypesof referringexpressions,in particularfor
pronouns,andfor certaingenres,in particularCG with its few, brief co-specificationsequences
arenot thatbad.

Case2: The entity is backgrounded. Distanceto lastmentionvarieswidely. Mentionsare
spreadfar apart. If andwhenan entity is mentioneddependson whetherthe writer needsit
to formulatea particularpropositionor make a specialpoint. The processwhich generates
mentionsof theentity is non-stationary. Theintensityfunctionis now

�g����� ��� �g�G���<��� �D�;� ����� �D�;� ����� �D�;  ����� ���(5.13)

It dependsonthestateof thediscoursemodel,thelocutionaryact,andthestateof communicator
andaddresseeat time ¡ . To estimatethis function from corporais extremelydifficult. One
possibleworkaroundwouldbeto estimatethefunctionon thebasisof theentitiesthatoccurin
thecurrentandthepreviousMCU. If two entitiesco-occurfrequently, thenthepresenceof one
entity increasesthelikelihoodthattheotherwill bementioned.We now have

�g����� ��� �g�#¢-£¤� � £;¥ occursin theimmediateco-text ¦§�D¨(5.14)

TheBROWN-COSPEC corpusis too smallandthetopicsof thetexts aretoo diverseto allow to
estimatesuchprobabilities.But corporaof agency storiesor news reportsaboutcertaintopics
couldexploit theseco-occurrences.

ConnectingCase1 and Case2: Thedetailedanalysisof co-specificationsequencesin dis-
coursehasrevealedthatthestatisticalmodelis notassimpleasthealluringcurvatureof Figure
5.7suggests.AlthoughstationaryPoissonprocessesgiveususefulheuristicsfor entitieswhich
happento play a centralrole in thesegmentsthey occurin, thebehaviour of theseentitiesbe-
comemuchmoreerraticoncethesesegmentsarefinished. We can integratethesetwo very
differentcasesinto asinglestochasticmodelby asimpletrick: interpreteachcaseasaseparate
state. For thesake of simplicity, let usassumethat thesestatesarelinkedby a Markov Chain
(c.f. DefinitionB.3,page274).

In thiscase,wehavetwo states,let uscall them“active” and“backgrounded”.Thetransition
probabilitiesbetweenthosestatesdependon thediscoursestructure,moreimpreciselyonwhat
thecommunicatorplansto sayatwhichpoint in thediscourse.Sincethetransitionprobabilities
arenot stationary, theMarkov Chainis not homogeneous.A transitionis triggeredwith each
new MCU.

At thenext modellingstep,we faceanimportantdecision:doesanentity countasactiveas
soonasit is mentioned,asChafewould have it (c.f. Section4.3.6),or shouldwe take a more
text linguistic stanceandreserve thestatus“active” to thosediscourseentitiesthatarecentral
to a discoursesegment?
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active semiactive inactive

Figure5.9.Stochasticmodelof co-specificationsequences,Chafe-style

Let usfirst discusstheapproximatioǹa la Chafe. In thatcase,a discourseentity countsas
active assoonas it hasbeenmentioned. If we were to remainfaithful to Chafe’s ideas,we
would also allow a discourseentity to enterthe processvia the backgroundstate. This can
occurwhenanentity is alreadysemiactivebecauseit belongsto whatChafecallsthediscourse
topic. However, aswehavealreadydiscussedat length,suchco-activationis extremelydifficult
to estimatefrom texts. Thereforewe will drop it from the presentmodelandassumethat all
entitiesentervia theactivestate.

Theprobabilitythatanactiveentitywill remainactivedependsonhow oftenit is mentioned
in thefollowing MCUs. Themorefrequentlyit is mentioned,thelesslikely it will plungeback
into semiactivity. Discourseentitiescanalsodrop out of the processmodelledby the chain
entirely. This is the statethat Chafewould call “inactive”. Sinceinactive discourseentities
canbe takenup later in the text, we might want to incorporatethatstatein themodel. It will
needto beappliedwhendiscourseentitiesarenot mentionedfor several sectionsor chapters.
A mild caseof inactivity is presentedby the Pratchetttext (AppendixA.2) in the form of the
inebriatedCaptainVimes— not becausehe is lying inactively in the gutter, but becausethe
authorleaveshim lying thereall alonefor threepageswhile he reportson strangeeventsat
UnseenUniversity. Themaindifferencebetweenthesemiactive andtheinactive statesarethe
probabilityof atransitionbetweenthemandtheactivestate.Thatprobabilityis muchhigherfor
semiactiveentitiesthanfor inactiveones.Figure5.9summarisesthemodelwehavedeveloped
sofar.

While entitiescanenteronly via theactive state,they canonly leave via the inactive state.
For example,in paragraph3.1,theHigh Energy MagicBuilding suddenlyentersthediscourse,
becomesactive, but then fadesfrom view quickly as the actioncentreson the Library. This
correspondsto a transitionsequencewheretheentityenterstheprocessin theactivestate,slips
into thebackground,becomesinactive,andthendropsoutof thediscourseagain.

TheapproachthatI havedescribedin theprecedingparagraphis in effectnothingelsebut a
stochasticmodelof co-specificationsequences.Suchamodelhastwo cleardisadvantages:

© Thetransitionprobabilitieslargely dependon thecommunicator’s planof thediscourse,
whichmakesthemextremelydifficult to estimatefrom corpusdataalone

© Themodelis difficult to link to thetwo superordinatestatesthatwe foundin thedata

For this purpose,weneedto placetighterconstraintson theactivestate:A discourseentity
is active if it canbeinterpretedasoneof thecentralreferentsof thecurrentdiscoursesegment,
else,it is backgrounded.Thechainprocessfor anentity startswhenit is first mentionedin the



124ª 5 Entity Statusin Corpora

active backgrounded

Figure 5.10.Markov Chainmodelof alternationbetweenactiveandbackgroundedstate

discourse.Thechaincanbeenteredin bothstates;the initial probabilitiesdependon therole
of that entity in the discourse.An entity canbe introducedinto the discoursein eitherstate.
For example,thediscourseentitycorrespondingto theLibrarianin thePratchetttext (Appendix
A.2) is active for quitea few sentencesafterit hasbeenintroduced,while CaptainVimesis not
mentionedagainaftera few sentences(althoughadmittedlyparagraph2.3 is narratedfrom his
point of view).

Both states,theactive andthebackgroundedone,arenot periodic,which meansthat they
canbe returnedto at arbitrary times. As long aswe do not have moresophisticatedcriteria
for determiningwhethera discourseentity is active, we canresortto a simple testbasedon
the statisticalmodel we positedfor Case1: Let us assumewe observe « mentionsin the ¬
MCUs that immediatelyfollow the currentone. What is the probability of this outcome,if
thesementionswereall generatedby a Poissonprocesswith rate1? This is theprobabilitythat
thechainremainsin theactive state.Thelarger ¬ , themorestringentour criterionfor activity
becomes.Theresultingtransitionprobabilitymatrix is:

from / to active background
active ­�®�®¯�±° ��²�� ¬³���´«µ� �¶�·�+��­�®�¸��·�º¹»­¼®�®

background ­�¸c®¯�½­�®�® ­�¸c¸¾�¿�À¹»­�®�®
(5.15)

The structureof sucha chain is shown in Figure5.10. To illustratehow the Markov Chain
works, Table 5.7 protocols the transition sequencesfor three discourseentities from the
Gemayeltext (AppendixA.1), “Jerusalem”,“Gemayel”,and“Arafat”. For thepurposeof this
sampleanalysis,ourunitsareparagraphs,and ° �G²�� ¬¼�Á�Â«µ� �Ã�¿�+� is calculatedonthebasisof a
moving window of length9 thatis centredatthecurrentparagraph.If anentityoccursonly four
timesor less,it is notactive. Weseethatthediscourseentity correspondingto BashirGemayel
is activethroughoutthewholetext. Heis obviouslyacentralreferent,but not thetopic: thatcan
bestbedescribedasthereactionsto his death.Thecaseof theentity correspondingto Yasser
Arafat shows that thecriteriondefinedabove is very coarse.He is clearly thecentralreferent
of the paragraphsheoccursin, but sincehis nameis only mentionedthreetimes,which does
not quite make our strict thresholdof four mentions.The locationof Jerusalem,on the other
hand,is clearly alwaysin thebackground,evenwhen,by coincidence,it is mentionedin two
paragraphsin a row.

Sofarwehavebasedourmodelonwhatweobservedin BROWN-COSPEC, commonsense,
andanalyticalcategoriesfrom text linguistics, in particular, from van Dijk (1980). In order
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Paragraph 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Jerusalem
active
background X X X
Arafat
active
background X X
Gemayel
active X X X X X X X X X X X
background X

Table 5.7. Transitionsequencesfor discourseentities“Jerusalem”,“Gemayel”, and“Arafat”
betweenactiveandbackgroundedstatesin theGemayeltext (AppendixA.1)

to estimatetransitionprobabilitiesfrom text, we would needa detailedannotationschemefor
segmentingdiscoursesandidentifying centralreferents— elsewe risk circular results. Such
annotationschemesarestill activefieldsof research,aswehaveseenin Sections5.2and3.3. In
futurework, we plan to annotatethe texts in BROWN-COSPEC with discoursestructureinfor-
mation;on this basis,thestatisticalmodelof thetransitionsbetweenactive andbackgrounded
statecanbefurtherrefined.

Evaluation: Theresultsshow that thePoissonmodel,althoughit is theoreticallyappealing,
makestoo strongassumptionsaboutthedistribution of mentions.Beforewe caneventhink of
validatingthe Markov Chainmodelof the two states(active vs. backgrounded),we needto
solve theproblemsat thebasis.Evenif we eliminateall mentionswithin thesameMCU from
thepicture,we still cannotmodelthelong tail of thedistancedistribution adequately. In order
to cover this massive overdispersion,we will needto resortto morecomplex point processes
(Resnick1992,p. 332f.). I hypothesisethebasicdistinctionbetweenactiveandbackgrounded
statesstemsfrom thefactthatif adiscourseentity is thecentralreferentin adiscoursesegment,
it is very likely to be mentionedat leastonceper clausein that segment. If this insight is
bestcapturedby a model that estimatesthe time (in clauses)after which an entity will next
be mentioned,or if we shouldswitch to a spatialmetaphorandcounthow often an entity is
mentionedpersegment— thatcanonly beclarifiedonacorpuswhichhasbeenannotatedwith
somekind of discoursestructure.

Ultimately, wewill needto couplethemodelto bothastochasticgrammar, whichtakescare
of thesyntacticconstraints,andamodelof theco-text thattakescareof thenon-stationarityof
theprocesswhich generateseachmentions.SincetheBROWN-COSPEC-corpusis thematically
very heterogeneous,it wasnot possibleto explore whetherChurch’s (2000)non-parametric,
collocation-basednotionof adaptationmightsolvetheproblemthatparametricityhasgivenus.
As long aswe do not have sucha superiormodel,thePoisson-basedmodelgivesusa rough,
first approximationonwhich wecanbuild futurecorpus-basedexperiments.
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5.5 Distanceasan Indicator of Entity Status

Distanceto next/last mentionis definedpurely on the text level. Annotatingdistancedoes
not requirea detailedmodelof the addresseeor a deepunderstandingof the communication
situation.Thisisadisadvantage,becauseit obviouslyneglectsimportantaspectsof entitystatus.
But it is alsoanadvantage,becauseaddresseemodelsarealwayssubjectto muchspeculation—
hence,distanceannotationis potentiallyfarmorereliable.If ananalystworkswith datashehas
not collectedherself,from a text typesheis not intimately familiar with andwheresheknows
neithertypical communicatorsnor typical addressees,sheshouldassumeaslittle aspossible
aboutcommunicatorsandaddressees.

Basicallyif youcannotadequatelymodelthecommunicationsituationin whichadiscourse
wasproduced,donotdoit. Thisstancemayseemdefaitist;andyoucancertainlygetinteresting
resultsby throwing all precautionsto thewindsandplacingyourselfin theseatof thecommu-
nicationpartners,asI have donein Chapter6. But in the long run this is highly problematic
methodologically. If theanalystrestrictsherselfto annotatingjust thosefeaturesthat shecan
labelreliably, shewill verylikely notuncovermorethantheskeletonof thephenomenonsheset
out to study. But justastheskeletonstabilisesthebody, reliablefindingsprovidestablestarting
pointsfor morein-depthanalyses.For entitystatus,thisskeletonmeasureis thepositionof are-
ferringexpressionin aco-specificationsequence.Explicit mentionsevokeandaccessdiscourse
entitiesfarmoreeffectively thanimplicit ones.Therefore,it makessenseto startby trackingthe
explicit mentions.We cangeta morebalancedpictureif we alsoconsidersemantic,syntactic,
andmorphosyntacticpropertiesof thereferringexpressionsin asequence.

Distanceto lastmentionis nomeasureof entitystatus,sincethatconceptis but acoverterm
thatdescribeshow anentityis managedduringdiscourseandtheroleit playsin texture.It is this
role in thetextureof adiscourse,thestructural entitystatus,whichwecanmeasureonthebasis
of co-specificationsequences.For example,if a discourseentity is closelyrelatedto thetopic
of a discoursesegment,if it is a centralreferentin thatsegment,distanceto lastmentionwill
oscillatebetween0 and2 in thatsegment.To put it anotherway, oncewehavesomeindication
of discoursesegmentboundaries,we canautomaticallydeterminefor eachsegmentwhetherit
hasa centralreferentandwhat thatreferentis. This procedurealsohighlightssegmentswhere
it is not possibleto determinea singlecentralreferent,asin paragraph2.1of thePratchetttext
(c.f. AppendixA.2).

On themanagementsidethedistancepatternsthatwe have found in thedatafall into two
states.If thedistanceoscillatesbetween0 and2, theentity is very probablyactive, otherwise,
it is backgrounded.Distancesdonotallow usto determinewhenentitiesarecompletelydeacti-
vatedagain.This dependson how well they areanchoredin theaddressee’s world knowledge,
whetherthey wereprimedby anotherentity that wasrecentlymentioned,on how noticeable
the entity waswhenit waslast mentioned,andon how centralit wasin precedingdiscourse
segments.For example,in thePratchetttext (AppendixA.2) CaptainVimesof theNight Watch
is mentionedexplicitly only twice, in paragraph2.2,beforeheis referredto againin paragraph
3.15 with a pronoun. For readerswho have rememberedthe picturesquegentlemanwith the
alcoholproblemandwho have wonderedwhenthey will meethim again,Vimeswill besemi-
active. For othershewill beinactiveandthey will have to skip backfrom page10 to page7 in
orderto find out who this Vimesguy is.

Although the interpretationsI have givenabove appearplausible,they areall basedon an
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informalanalysisof thecontentof thetext. If wedonotknow how thetext begins,how it ends,
andwhohaswritten it for whom,wecannotreallydraw inferencesaboutactivationor examine
the role of a discourseentity in the completetext. This problemis particularlyseverewith
representative corporasuchastheBrown corpusor theLIMAS corpus.Many texts aretaken
from themiddleof passagesor chapters,othersevenstraddlechaptersandsections,so that it
is not clearany morewhetherany of the discourseentitiesmentionedin part oneis meantto
surfaceagainin parttwo of the2000wordexcerpt.Wealsodonotknow whetheranentity that
is mentionedoncein thefirst andoncein thelastsentenceis a protagonistof thesegmentsthat
precedeandfollow theextractthathasbeenannotated.Therefore,theresultswehavepresented
on theBrown corpusneedto bevalidatedon a corpuswith full texts or at leastthebeginnings
of full texts. The point I want to make hereis that it is indeedpossibleto developstochastic
modelsof co-specificationsequences,but to collectandannotateacorpusof full textsonwhich
thesemodelscouldbefurtherrefinedis definitelybeyondthescopeof this thesis.

5.6 Summary

In this chapter, we have considereda rangeof methodologialissuesthatneedto betaken into
accountin empiricalstudiesof entity status.Thecoreof suchstudiesis theannotationscheme.
Goodannotationschemesneedto satisfyconflictingconstraints.They shouldallow fastannota-
tion of largeamountsof data,yet they shouldbecomprehensiveenoughto coverall phenomena
of interest. They shouldallow high levels of inter-annotatoragreement,yet annotatorsoften
needto make wild assumptionsabouthow theaddresseeconstructshis interpretationof a text
heis confrontedwith. Theannotationschemeshouldbetheoreticallywell-founded,bothfrom
a psychologicalandfrom a semanticpoint of view. No wonder, then,that theidealannotation
schemehasnot emergedyet,asSection5.1shows.

In this thesis,I exploretwo waysoutof thisquandary. For thedetailedanalysisof acompar-
atively smallamountof data,I developeda detailedschemethatdescribeshow a prototypical
addresseemight managethe discourseentitiesthat are introducedand taken up againin the
courseof a brief radionews story. Theschemeis describedin Section5.2. Sinceno detailed
hearermodelis availableto me(thiswouldencodetheworld knowledgeof aneducatedmiddle
classAmericanor German,respectively), theresultingannotationsinvariablyrepresentmy in-
tuitionsaboutwhatsucha hearerwould typically do. Theresultsof this analysisarediscussed
in detail in Chapter6.

In Section5.3, I turn to a radicalalternative: distancemeasures,definedon sequencesof
co-specifyingreferringexpressions.Therequirementsfor annotationarevery simple:Annota-
torsmerelyhaveto identify theplaceswhereadiscourseentity is mentionedexplicitly in a text.
Defininga suitabledistancemeasureon theresultingsequenceof co-specifyingexpressionsis
somewhatmoredifficult. If wehavenoreliableinformationaboutdiscoursestructure,themost
straightforwardmeasureis thetime-honoureddistanceto lastmentionin clauses.In Chapter7, I
explorewhatdistanceto lastmentioncantell usaboutthemechanismsunderlyingpronominal-
isation. In Section5.4, I investigatedwhetherthis measurecanhelpusmodelco-specification
sequencesby astochasticprocess.This taskis morecomplex thanit appears,in particularsince
weneedlargecorporafor estimatingtheparametersof suchamodelandfor validatingit ontest
data.
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This chapterbeganasa complementarystudyto researchon the given/new distinction in ra-
dio news prosody(Wolters1999,WoltersandMixdorff 2000). In thesestudies,we foundthat
entity statusis hardly ever signalledintonationally. The first reactionto this resultwas that
thesespeakersmusthave beendoing somethingwrong, that I hadbeeninvestigatingsubop-
timal speech.But therewasanotheroption: maybeentity statuswasalreadysignalledsuffi-
ciently well in thetext, sothatspeakersdid not needto useadditionalprosodiccuesanymore.
WhenI further investigatedthe genreof radio news, entity statusin radio news turnedout to
be very difficult to define. The culprit is the ratherpeculiarcommunicationsituation: a web
of communicatorssoheterogeneousthatBell (1991)refusesto reduceit to a singletheoretical
“speaker”-styleunit of analysis,anda heterogeneousaudiencewho merelyknows thevoiceof
thepersonwho readsthemthenews.

Theseobservationsleadto two researchquestions:What is entity statusin radionews,and
whatareits linguistic correlates?Both questionswill beaddressedin this chapter. Section6.1
begins with the necessarygroundwork from mediastudies(What is radio news? What does
communicationin radionews mean?)andexploreswhatentity statusin radionews might be.
Next, in Section6.2, I describethe corporaon which the linguistic analyseswereconducted,
AUDIX-4, WBUR-LABNEWS, DLF-RE andFFH/HR-RE, togetherwith their annotations.In
thefollowing twosections,I analysehow entitystatusis signalledin (radio)newsdiscourse,first
quantitatively (Section6.3),thenqualitatively (Section6.4). I investigatelinguisticcorrelatesof
entity statusin thesecorpora,focusingon determinerchoice,syntacticfunction,andpresence
of modifiers.Section6.5presentsconclusions.

6.1 Communication in Radio News

Many computationallinguistsarenot particularlyinterestedin thegenreof text they arework-
ing with. For example,in their studiesof pronominalisationin pedagogicaldiscourse,Poesio,
Henschel,HitzemanandKibble (1999)or Henschel,ChengandPoesio(2000)never refer to
the large literatureaboutthat type of discourse.Nor do McCoy andStrube(1999)show that
they areawareof thelively discussionof medialanguage,eventhoughtheir corpusconsistsof
newspaperreportages.This is not a seriousomissionif you aremerelyinterestedin describing
patternsof languageuse.But if you starttakingthegenreyou areworking with seriouslyfor a
change,you discovermuchthatcanhelpyou interpretyour linguistic observations.Therefore,
beforeI delve into theanalysisof theradionews datain Section6.3, I will survey currentand
classicresultson news languagein somewhatmoredetail thanusualin this field of computa-
tional linguistics.
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This sectionis structuredas follows. In Section6.1.1, I characterisethe genreof radio
news, its formatsandconventions,then,I survey whatgetsreferredto in radionews in Section
6.1.2. Finally, I sketchpicture of the communicationprocessin radio news anddraw some
consequencesfor definingentity statusin Section6.1.3.Thediscussionis necessarilylimited:
Neitherwill I discussin detailthevariousapproachesto (media)communicationthathavebeen
proposedin theliterature,nordo I purportto compareGermanandAmericanradio. I justwant
to give you, the reader, a flavour of what we aredealingwith here—adetailedstudywould
constitutea thesisin itself.

6.1.1 The Genreof Radio News

According to Swales(1990), a genre is characterisedby conventionsthat a communityhas
agreeduponfor textswith specificdiscoursepurposes.In thecaseof radionews,thatdiscourse
purposeis: inform the listenersof the radio stationaboutwhat is goingon in theworld. The
most importantconventionis that radio news arebrief, no longer than threeto five minutes.
More detailedreportsandinterviewscanbeleft to otherinformationformats,if thestationhas
themin its programscheme.What is presentedasnews dependsa lot on what the listeners
are interestedin. Mostly, they get brief overviews of the most importanteventsof the day,
informationaboutpolitics, society, sports,andbusinessaswell asserviceitemssuchasnews
aboutpetrol price hikes. Stationswith teenagelistenerstendto spicethis mix with the latest
from theworld of popmusic,while local stationsoftenaddhumanintereststories.Thismeans
in practicethat news stories,even humaninterestones,tend to be ratherdense,with much
informationpackedinto little time.

Therearethreemain formatsfor news: the “classical” format, with focuson politics, the
classicalformat with soundclips, andthe so-callednews show, with many serviceitemsand
few political news (Zehrt1996,LaRoche1991b).While bothlanguageandpresentationof the
classicalnewsareratherformal,thenewsshow presentsnewsalmostasaformof entertainment;
thelanguagebecomesmorecolloquialandthestyleis relaxed.

The Structureof a NewsStory: Newsstoriestendto follow thetraditionalpyramidalscheme
“lead, source,background”(LaRoche1991b,Zehrt 1996,Bell 1991,Lüger1983). The main
news is summarisedin thefirst sentence,while thesecondsentenceprovidesthesourceof the
news,andthefollowingsentencescontainbackgroundinformation.Storiesshouldbestructured
so that they canbecut from theend,if necessary. This is a commonschemefor news reports
in general,wherea fixedspacein time or on paperhasto befilled. Thecontentof thestory is
supposedto answerthequestion:Whathappened?or, moreprecisely:Who did what where,
whenandhow? Writersaresupposedto placethis informationin thefirst oneor two sentences
(Burger1990,Lüger1983).

If we know how a story is likely to be structured,that story becomeseasierto process
(Bartlett1932).vanDijk (1985a)hasproposedadetailedprototypicalschemefor news,which
heappliedto theGemayeltext reproducedin AppendixA.1. In histerms,suchaschemeis asu-
perstructure, a unit of analysisthatorganisesthecontent-basedor intention-basedmacrostruc-
tures,which in turn describehow thepropositionsa text consistsof areorganised.Thescheme
heproposesis givenin Figure6.1. Otheranalystshave levelledthesamecriticism againstthis
approachthat they have also levelled againstvan Dijk’ s theory of discoursestructure:Such
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Figure6.1. Superstructureof newsstoryfollowing (vanDijk 1985a,page86,Figure2)

schemesarenot flexible enough,andreal articlesshow muchmorevariationthanthescheme
would predict. Insteadof proposingyet anotherstructuralscheme,Bucher(1986)developed
a setof speechactsthatwritersuseto structurea story. He arguesthat the foundationallevel
on which addresseesconstructa text to be coherentis the intentionallevel. This agreeswith
our resultfrom Section3.3: from a communication-theoreticpoint of view, the basiclevel of
texturehasto beintentional.

Bucher’s definition of text types(“Textsorten”) aspatternsof action fits quite well with
Swales’definitionof genreastexts with a commonpurpose,sinceactionsareper definitionem
purposeful. He distinguishesbetweenMeldung(shortnews item), Bericht (report), andRe-
portage (reportage):short news items inform aboutfacts,reportstell abouteventsandgive
background,andfinally, reportagespresenttheperspective of the reporter. TheAmericanEn-
glish textsareclearlyreports,thepreferredAmericanform of broadcastnews(Stümpert1991).
TheGermantexts,on theotherhand,areMeldungen, brief news itemswith asmuchcontext as
necessary, hencefarmoredifficult to understandandevaluatethanreports.

Both perspectives, the intentionaland the content-based,complementeachother: While
vanDijk’ s superstructuresprovide a vocabulary for systematicallydescribingtheexpectations
of theaddresseeof a news story, Bucher’s categoriesareusefulfor thefine-grainedanalysisof
astory.
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The Languageof Radio News: Radionewstextsarewritten to belistenedto. Listenerscan-
not spendtoo muchtime decipheringthe meaningof the currentsentence,or they will miss
thefollowing one.Neithercanthey re-readtheprecedingsentencesif they have troubleunder-
standingwhatis meant.Therefore,thelinguisticform shouldnotbetoodifficult to process—no
convolutedsentenceswith deeplynestedNPsor gardenpathsentences.In reality, thereis al-
waysa trade-off betweenthe time editorshave to write a story, the limited time they have in
their programmeslot, andthe desireto get thestory acrosswell. Agency copy (the texts that
comein from theagencies)shouldberewritten,but dueto lackof time, thecomplex hypotaxes
arefrequentlypassedthroughunfiltered(Haaß1994)— complete,or ratherreplete,with nested
NPs.

In order to be concise,authorsfrequentlyturn verb phrasesinto complex noun phrases,
andinserta semanticallyratheremptyverbsuchas“take place” into themainverbslot. Most
textbookwriterspolemiciseagainstthis practice(LaRoche1991a,Zehrt1996,Wachtel1997,
Schneiderand Raue1998) becauseit makes the resulting text more difficult to understand.
But it hasits advantages,asBurger (1990)notes. If an event is introducedby a complex NP,
referringbackto thateventis easierthanif it hadbeenintroducedby aVP. It remainsaccessible
for a longer time, and the initial descriptionprobablycontainssufficient information for the
addresseeto connectthediscourse-new entity to hispreviousknowledgeandexperiences.

6.1.2 What GetsReferred to?

Therearetwo sidesto referencein radionews: what is beingreferredto andhow it is referred
to. Thesubjectmatterof news hasbeenstudiedintensively by researcherswho wantedto find
out why somenews arereportedandothersarenot. Thefactorsthatmake anitem into a news
item influenceboth form andcontentof the text. We will dealwith thataspectin moredetail
on page132 ff. . The linguistic side,the “how”, hasbeenstudiedmoreglobally: researchers
have testedthe intelligibility of news texts in greatdetail (a few relevant examplesareFrüh
1980,Brosius1990). It is important that the addresseecan interpret the news quickly and
adequately, not only from a linguistic, but alsofrom a political point of view, sinceradio is an
importantsourceof informationfor citizens(for controversialdiscussion,c.f. e.g.Kepplinger
1990,Kepplinger1999,Noelle-Neumann1999,Heum1975,LazarsfeldandMerton1948/1971,
Lippmann1922/1971).1

1SinceI leave truth-conditionalsemanticslargely asidehere, I will not discussa third aspectof reference
in radio news, the questionto what degreethe mediareality is constructed.Radicalconstructivists claim that
thereis no externalreality. Instead,everybodyconstructsherown reality—journalistsdistill their knowledgeinto
necessarilysubjective reports,andtheir audienceusesthesereportsto constructtheir own reality asthey please
(Schmidt1994,Krippendorff 1993,Krippendorff 1994,to namebut a few). On the otherhand,realistssuchas
Kepplinger(1993)andFrüh (1994)claim thatthereis indeedareality, andthatjournalisticwork canbecompared
to againsthard facts. The Germandiscussionin the early Ninetiesis documentedin (BenteleandRühl 1993);
Merten,SchmidtandWeischenberg (1994)provide an introductionto mediastudiesfrom a constructivist point
of view. Although this constructivist approachwould fit nicely with recentdevelopmentsbasedon Ungeheuer’s
theoryof Communication(Juchem1998),a detaileddiscussionof theconflictingpointsof view wouldbebeyond
the scopeof this thesis. I amnot interestedin how the analysedtexts relateto the realworld; I aminterestedin
how writersusereferringexpressionsto createsequencesof expressionsthatspecifythesamediscourseentity.
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What MakesNews? Listenerexpectationsarenot theonly factorsthatdecidewhich events
getselectedfor reportingandwhichdonot. Newsagenciesfloodtheirsubscriberswith all kinds
of news (Hagen1995),andmany Public Relationsmanagersarebusy with creatingpseudo-
eventsthat are only thereto be reported(Kepplinger1990,Boorstin 1961a). This massof
eventsandpseudo-eventsis filteredby thejournalists.But accordingto whichcriteria?

On onehand,therearethe attitudes,values,andideologiesof the editorsthemselves. A
popularmetaphorhascomparedthem to gatekeepers (White 1950) who decidewhich news
maypassthroughthegateto publication.Onthebasisof his interview with “Mr . Gates”,White
concludedthat their decisionsaredeterminedcrucially by their beliefs,their preferences,and
their prejudices.In a classicstudy, Gans(1980)shows in detail how valuesandideologiesof
thenews journalistsinfluencethecontentof Americantelevisionnews.

News factortheoryhasstrived for moredetailedanswersto thequestions:What do news
have in commonthat arereportedby journalists,andwhat do news have in commonthat the
audienceis interestedin? In theclassicdesign,news itemsareclassifiedaccordingto several
dimensions,and the researchertestswhetherthe scoreof an event on thesedimensionswill
increasetheprobabilitythatit will getreportedby journalists,or paidattentionto by thepublic.
Theclassiclist of news factorscomesfrom GaltungandRuge(1965). They identifiedtwelve
factorswhichcanreinforceeachother. Sincethen,researchershavecontinuouslymodifiedand
updatedthatlist in aquestfor morecompletecoverageandmorereliablecategories.Bell (1991)
distinguishesbetweennews factorsthat canbe definedon the basisof the eventsthemselves
andthe actorsthat take part in them(Table6.1) andthosethat reflect the processof writing
andediting(Table6.2). Staab(1990)emphasisesreliability of coding:news factorsthatrelate
to how closeanevent is to theaudience,beit spatially, politically, economically, or culturally,
canbecodedmuchmorereliably thannews factorsthatdependon attitudes,evaluations,and
choicesof personsandinstitutions.Basically, thesedifficult news factorsdescribehow people
processnews, giventhesocialgroupthey belongto, their cognitive habits,andtheir interests.
Eilders(1998)investigatescognitive influencesonhow newsareprocessedandrememberedin
detail. In bothstudies,themaincodingunit wasa news item, andthetexts hadbeencarefully
selectedbeforehandfrom themediacoverageat thattime.

Thestudywe aredealingwith in this chapteris a post-hocstudy: it wascarriedout twelve
(WBUR-LABNEWS) to fiveyears(DLF-RE) aftertheitemswereoriginally recorded.In order
to get an ideaof how the news valueof a discourseentity might influencethe way that it is
referredto, I analysedfour texts from DLF-RE, for which I amreasonablyfamiliarwith thethe
socialandpolitical context. Theresultsarepresentedin Section6.4.1.

A properanalysisin termsof news factorsandnews valuewould be far beyond thescope
of this thesis. Ideally, I would needto know whataddresseesrememberedof thestoriesI am
interestedin whenthey werefirst exposedto them,i.e. whenthey heardthemon theradioon
theday they wereemitted.Fromthis, I could thenreconstructtheweightof thenews factors.
Failing thatinformation,I couldplungeinto thearchivesin orderto establishthewidercontext.
But suchwork wouldmerelymeallow meto hypothesiseaboutwhattheaddresseesmighthave
regardedasnews factors—tomeasuretheir impactis impossiblein a post-hocstudy.

Referring Expressionsin Radio News: Referringexpressionshave to be concise,yet pre-
ciseenoughto (re-)activatethe backgroundinformationthat is necessaryto contextualisethe
event that is reported.For example,in DLF-RE, JohannesRau,GermanBundespr̈asidentin
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Eventsand Actors of News
Factor Explanation

CONSONANCE agreeswith audience’s expectations
RELEVANCE affectslivesof audienceor is closeto their experience
PROXIMITY geographicallycloseto audience

RECENCY temporallycloseto audience
FACTICITY story containshard facts and figures which are easyto report

(who,what,where)
PERSONALISATION storyis aboutpersonsratherthanconcepts

ELITENESS storiesaboutelite or known (Gans1980)personsor nations
ATTRIBUTION quality of thesourceof astory(elite institutionor person)

NEGATIVITY deviance,damage,death,disaster, conflict
UNAMBIGUITY clearcutfacts,reliablesources

UNEXPECTEDNESS new, rare,unpredictable(e.g.scientificbreakthrough)
SUPERLATIVENESS thebigger, thebetter

Table6.1.Newsfactorsaccordingto (Bell 1991,page155ff.)—event-andactor-relatedfactors

Production of News
Factor Explanation

CONTINUITY follow-upsto newsstoriesarepreferred
CO-OPTION news is relatedto a storythatdrawsmuchattention

PREDICTABIL ITY pre-scheduledeventssuchaspressconferences
COMPETITION amountof storieswith higher news valueduring the time span

covered
PREFABRICATION ready-madepressreleasesavailable

COMPOSITION editorstry to balancedifferentkindsof news items(domestic,in-
ternational,service,humaninterest)

Table6.2. News factorsaccordingto (Bell 1991,page157ff.)—process-relatedfactors
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2000,andMinisterpräsidentof the Germanfederalstateof North RhineWestphalia(NRW)
and deputychairmanof the GermanSocial DemocraticParty (SPD) in 1995, is introduced
onceas“MinisterpräsidentRau” (primeminister, news item 5, 1:30pm,11/21/1995),onceas
“Der stellvertretendeSPD-VorsitzendeRau” (thedeputySPDchairman,news item 5, 2:30pm,
11/21/1995).Thefirst item reportsthatRauhasnameda new secretaryof statefor NRW, the
seconditem reportson Rau’s reactionsto the leadershipcrisis in the SPD.This crisis is the
subjectof anotherlong-runningthreadthatday.

Somenews factorsare boundto surfaceexplicitly as referring expressions,in particular
RECENCY (temporaladjuncts),PROXIMITY (locativeprepositionalphrases),FACTICITY (men-
tioningfigures,which leadsto casesof function-valueinferrability), PERSONALISATION (refer-
enceto personsinsteadof institutions),ELITENESS (élite personstendto benamed,othersare
merelyidentifiedby their function).Referringexpressionsthatspecifysuchnews factorsoften
convey classical“given” information(especiallywhena news item scoreshigh on CONTINU-
ITY), but at thesametime, this giveninformationis crucial for framingwhat is new, thenews
event that is reported. To put it bluntly, cognitive aspectssuchasaccessibilityor familiarity
maynot beasimportantin thechoiceof referringexpressionsasnews factors.

Looking at samplenews text 6.6 on p. 169,we canimmediatelyidentify several referring
expressionsthatspecifynews factors:We have a reportaboutanelite person,thenews item is
personalised(bothtimes: Rau),andit continuesanongoingdrama(internalsocialdemocratic
strife), which is referredbackto by a nominalisedverb. It doesnot really make senseto ask
whetherany of thediscourseentitiesthat theseexpressionsevoke aregivenor new. Listeners
mayhave forgottenaboutthesocialdemocrats’troubles,or they maynot immediatelyremem-
berJohannesRau,althoughhealreadywasa prominentfigure in Germanpolitics at that time.
(At thetimeof writing, heis Presidentof theFederalRepublicof Germany.) But whatcountsin
this context is thatthesearethereasonswhy Rau’s reassuringstatementsareimportantenough
to becomenews.

So far, mostresearchon the linguistic realisationof thesenews factorshasfocusedon the
question:How arethe “news actors”,the protagonistsof a story, labelled?(c.f. e.g.Knif fka
1980, Bell 1991, Jucker 1992, Jucker 1996). Theselabelsdependa lot on the journalists’
attitudetowardstheactors,aswell ason editorialpolicy andpolitical correctness.

Whendescribingthestyleof aparticularnewsmedium,theform of referringexpressionsis
an importantvariable.Jucker (1996)shows thatup-market, down-market andmoderatenews-
papersdiffer in the way they introducenews actors. While up-market papersusethe proper
nameplusan indicationof thesocialrole asa NP modifier (e.g. “Mr . JohnMajor, thePrime
Minister”), down-market papersdrop the article altogetherandbegin with the function or a
suitableepithet(“redheadFergie”, “Prime Minister Major”). Subsequentmentionsmayagain
bebareNPs,pepperedwith suitableepithetsthatconvey additionalinformationaboutthenews
actor. Burger (1990)notesthat verbatimrepetitionsof a definiteNP tendedto be avoidedin
subsequentmentions. This customhasraisedthe ire of influential textbook writers, suchas
LaRoche(1991a).They considerthatusingsynonymsor hypernymsor smugglingnew infor-
mationinto ananaphoricdefiniteNP wherea repetitionor a pronounwould do only servesto
confusetheunsuspectingaudience.SchneiderandRaue(1998)put it this way:
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Wechselim Ausdruckist bei Verben,Adjektiven, Pr̈apositionenvorzüglich, bei Substan-
tiven meistunmöglich und absolutnicht erstrebenswert.Darin ist sich die Versẗandlich-
keitsforschungmit denmeistenStillehrerneinig. Die meistenJournalistensehendasan-
ders.2

(SchneiderandRaue1998,page194)

For example,take thecaseof a coupleof youngEnglishsoccerfanswho venttheir frustra-
tionsa bit too loudly in Belgium. Whenthis event is reportedin thenews, the referringnoun
phrase“somesoccertouristsfrom theUnitedKingdom” conjuresupotherassociationsthanthe
phrase“English hooligans”. Both canbe a nuisanceto Belgianpolice forces,but the second
nounphraseevokesrelatedexperienceswith fanaticBrits morequickly thanthefirst. Scripts
andstereotypesarecalledup which influencethe story into which the restof the news about
thesoccerincidentwill beembedded.Notealsothedifferencein determinerchoice.Both NPs
arereferentialin thesenseof (Gundelet al. 1993);they identify agroupthatwewill hearmore
aboutlaterin thenews item. Theform of thesecondNP, however, is faintly reminiscentof the
bareplural thatEnglishusesfor generics.

6.1.3 Entity Statusin Radio NewsCommunication

All linguistic theoriesof givennessoperatewith a communicationmodelwhich resemblesthe
classicalinformation-theoreticmodel: A speaker communicatesverbally with a hearer, lan-
guagebeing the codeboth share,over a channelconstitutedby voice and ear. Within this
model,mostresearchershave focusedon the intricaciesof thespeaker’s andthehearer’s cog-
nition, andon theconditionsfor usingthe linguistic codefeliticiously. Whenwe now want to
examineentity statusin radionews,we needto translatethis modelontoradionews. It would
leadustoo far afieldto summariseevenpartof therelevantresearchin communicationtheory
andmediaeffect research;for reviews, seee.g. (Bell 1991,Noelle-Neumann1999,Merten
1994,Schulz1999,Schenk1999).Here,I merelyhighlight threeapproachesto show how what
adifferencetheperspectivecanmake.

The classicpictureof the mediacommunicationprocesswaspaintedby Lasswell(1948).
His famousfive categoriesaregivenin Figure6.2. They aremainly intendedto point to fields
of analysis.WhatI amdoingin thischapter, theanalysisof referringexpressionsin radionews,
would be “content” analysisfrom Lasswell’s point of view. Whenthis analysisis spicedup
with a few conjectureson theeffect of somelinguistic choiceson the intelligibility of a news
item,wemoveinto thefield of effectanalysis,andwhenwespeculatewhy aneditormighthave
preferreda certainreferringexpressionover another, we formulatehypothesesaboutcontrol
analysis.Berger (1995,Chapter1) andPürer (1998)review someother, moreformal, models
of (media)communicationthatarealsoheavily indebtedto informationtheory.

Krippendorff (1994)presentsa fundamentallydifferentperspective on mediacommunica-
tion. Hedistinguishesthreeperspectives:

© the theoryof communicativecompetence, which explainshow individualaudiencemem-
bersmaintaintheir cognitiveautonomy, how they selectthenews andhow they integrate

2To changeexpressionsis desirablewith verbs,adjectives,andprepositions,but often impossiblewith nouns
andabsolutelyundesirable.Thatis apointintelligibility researchandmoststyleteachersagreeon. Mostjournalists
disagree.
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who sayswhat in which channel to whom with what effect
controlanalysis contentanalysis mediaanalysis audienceanalysis effectanalysis

Figure6.2.Lasswell’s (1948)view of themassmediacommunicationprocess

the informationinto their constructionof reality. Researchon theeffectsof news media
hascollectedsolid evidencefor the cognitive autonomyof the audience,startingwith
theclassicresultof Lazarsfeld,BerelsonandGaudet(1944). They examinedhow U.S.
citizensusedthe mediain orderto get informedaboutthe candidatesin the upcoming
presidentialelections.They foundthattheincreasedattentionthey paidto mediareports
only strengthenedthevotersin their previousconvictions—nomatterwhetherDemocrat
or Republican.Ruhrmann(1989,1994)hasproposedaselection-basedanalysisof media
effects.In a large-scalestudy, hefoundthattheaudiencemembersactively constructthe
context in which they embedthenews they hear.

In Ungeheuer’s terms,thetheoryof communicativecompetencedescribeshow individu-
als integratethe informationfrom thenews into their personalexperiencetheory(PET).
If we wereto defineentity statusin termsof Krippendorff ’s constructivist approach,we
wouldneedto embedit here.

© the theoryof patterntransmission, which explainshow individualscoordinatetheir ac-
tionsverbally, andhow certainpatternsof actionsaretransmittedfrom oneplaceto an-
other. This theorywouldprovideuswith thebasisfor describinghow differentaspectsof
entity statusarecodedlinguistically.

© the theoryof communicativeauthority, which explainswhen individualssacrificetheir
cognitive autonomyin order to admit outsideinfluences. The critical analysisof how
newsactorsarelabelledwould fall in therealmof this theory.

Früh (1992b)proposesamodelwhichpotentiallyintegratesall aspectsof massmediacom-
munication: the dynamic-transactionalmodel. The model is dynamicbecausecommunicator
andaddressee(in Früh’sterminology:recipient)changeduringthecommunicationprocess,and
transactionalbecausebothsidesinteract.Früh andScḧonbach(1982)emphasisethreeaspects
of themodel: It doesnot artificially separatedependentfrom independentvariables;theability
to processnews interactswith theinterestin news;andtemporalchangesin theeffectsof news
coverage,bothquantitativeandqualitativeones,canbemodelled.ScḧonbachandFrüh (1984)
distinguishtwo typesof transactions:Inter-transactionsbetweencommunicatorandaddressee
(in their terminology: recipient),and intra-transactions,which occurwithin the addresseeor
thecommunicatorandwhich aremainly cognitive. Figure6.3shows thebasicstructureof the
model(which becomesfar morecomplex in actualstudies).Thedynamicmodelpredictsthat
(news) texts do not have “a” meaning,which is constantacrosspersonsor even for the same
person.Früh(1992b)foundthatwhenreadersprocessatext, they soonactivateschematawhich
guidetheway that they interpretthepropositionsthat follow. Readersattemptto fit incoming
informationinto the framework they have selected,andareextremelyreluctantto revise their
choiceof framework whenthey comeacrossinformationthatis not consistentwith it.

In termsof thedynamictransactionalmodel,entitystatusprotocolstheintra-transactionsin
theaddresseewhich take placewhile heinterpretstheincomingreferringexpression.Thetask
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Activation

Knowledge Knowledge

media message

para-feedback

Activation

Recipient Communicator

Figure 6.3. TheDynamic-TransactionalModel of MediaEffects.(Früh 1992b,Figure3, page
53)

of thecommunicatoris to make this interpretationpossible,usingstrategiesthatbothcommu-
nicatorandaddresseeknow. This is themaininter-transactionhere.

Theresultscollectedin (Früh1992b,Früh1994)haveinterestingconsequencesfor thestudy
of entitystatus.Whenaninitial descriptionof adiscourse-new hearer-old entity is constructed,
acomplex webof memories(or, lesscognitively, thepastexperiencesandconnectionsto other
signs)is activated.This webcontainsexpectationswhich canbeasdetailedasscripts. These
expectationsguidehow otherdiscourseentitieswill beconstructed,andwhatinformationabout
themwill havebeenintegratedinto themodelwhenthememoryof theoriginalphonologicalen-
codinghasfadedaway. Theseexpectationscontrolwhattheaudiencepaysattentionto,andhow
theactivationof theotherentitiesin thecurrentdiscoursemodelincreasesor decays.Finally,
themoredetailedtheexpectationsandexperiencesof anaddresseeare,theeasierit will befor
him to interpreta givennews item ascoherent,eventhoughit lacksfamiliar surfacecohesion
markerssuchasrecurrenceor pronominalanaphora.For example,text Dayton1(Figure6.4)
consistsalmostcompletelyof all-new sentences.It is neverthelesshighly coherent:Sentence1
evokesa scriptthatsentences2 and3 elaborateon. This scriptallowsbridgingreferencessuch
as“eineEinigung”(sentence2) andsynonymssuchas“Delegationen”(delegations) / “Vertreter
derKonfliktparteien”(representativesof thesidesof theconflict). Which discourseentitiesare
familiar, which onesareeasilyaccessible,andwhich onesareactivatednow dependsto a large
extenton theaddressee,thescriptsthatheknows andtheencyclopedicknowledgethathehas.
Without a goodaddresseemodel,wecannotannotateentity status.Well, no problemhere,you
might contend.We just assume—whom?Which of thetwo typesof audiencethatFrüh (1994)
foundwill weassume?Thepolitically interested,educatedpersonwhoremembersstorieswell
and follows currentnews out of interest,with well-honedopinionsand a large background
knowledge?Or thenormalguy, let’s call him JohnDoe,who might follow a story line when
it catcheshis interest,but forgetsit assoonasit dropsout of thenews? I choseJohnDoe: He
knowshis country, themainpolitical players,themainstoriesof theday, but notmuchmore.I
chosehim becauseheis easiestto reconstructfor non-contemporaryhistoriansafterfive years
haveelapsedbetweentherecordingof thenews itemsandtheiranalysis.
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6.2 The Corpora

Two main corporawereusedin both thestatisticalanalysesandthemachinelearningexperi-
ments:theStuttgartRadioNewscorpus(SRN)andtheBostonWBUR radionewscorpus.Both
corporacontainreadspeechfrom several speakers and have beenusedextensively for both
prosodyresearchandbuilding prosodicmodulesfor speechsynthesissystems.Thespeechin
thesecorporais basedon theeducatedstandardvarietiesof German(SRN)andAmericanEn-
glish (WBUR). To examinein phoneticdetailthedegreeto which thevarietiesin thesecorpora
do indeedcorrespondto thelanguagenormis beyondthescopeof this thesis,especiallysince
this wouldhave requireda moredetaileddiscussionof languagenorms.Noneof thesecorpora
werecollectedby myself. What I addedto themwerelinguistic annotationsof thenews texts
themselves,discussedin section6.2.3.

Thecorporaaresmall; they arejust thesizea singleannotatorcanhandleon herown if the
annotationsaresomewhatcomplex. They arealsonota representativesampleof Germanradio
news texts, let aloneof Americanones.However, sincebothSRNandWBUR arefrequently
usedin thespeechtechnologycommunity, I judgedthatknowing a little moreaboutthetexts in
thesecorporamightnotonly benefitmy researchon thesecorpora,but thatof othersaswell.

The analysisis basedmainly on two radio news corpora,WBUR-LABNEWS and DLF-
RE, with a combinedlengthof 4093words,containinga total of 1334referringexpressions.
Sincethe texts in both corporacomefrom only onesourceeach,we cannotbe entirely sure
that thepeculiaritieswe find arenot merelydueto in-housestyle. Therefore,resultson these
corporaare supplementedby analysesof two further corpora,AUDIX-4, and FFH/HR-RE.
Thesetwo corporaroughly matchthe first pair in size: They containa total of 4047 words
and1034referringexpressions.While WBUR-LABNEWS consistsof radionews reportsfrom
a BostonNationalPublic RadioStation,the texts in AUDIX-4 areuneditedagency copy. In
DLF-RE, we find transcriptionsof news flash items from the prestigeGermanradio station
Deutschlandfunk,while thetextsfrom FFH/HR-RE aretakenfrom theoriginalmanuscriptsfor
news flashesfor FFH, a commercialregional radiostation,andHR, a public regionalstation.
Theannotationof WBUR-LABNEWS andDLF-RE is muchmoredetailedthanthatof AUDIX-
4 andFFH/HR-RE, becausethesecorporawerealsousedfor theprosodystudiesreportedin
(Wolters1999,WoltersandMixdorff 2000).Togetherwith thesestudies,they presentadetailed
pictureof how differentlinguistic means— choiceof referringexpressionandaccentuation—
are coordinatedto signal the currentstatusof a discourseentity. AUDIX-4 and FFH/HR-
RE merelyserve to validatethe main resultsof the linguistic analysis. Therefore,they were
only annotatedwith referringexpressions,co-specificationsequences,andsentenceboundaries.
Eachof thereferringexpressionsin thesecorporawasalsoannotatedwith a roughdescription
of its form, which is given in Table 6.7, which is reproducedherefor convenience. Finer
distinctions,suchasbetweenindefinitearticlesandcardinals,or betweenthe definitearticle
and possessives, are not made,becausethere is not enoughdata in the corpusI annotated.
Note that in Table6.7, the definitionsof definitenessandindefinitenessareno longerpurely
morpho-syntactical(presenceof theappropriatearticle),but approachtheabstractcategoriesof
definitenessandindefinitenessasproposedby Lyons(1999).

6.2.1 American English: WBUR and AUDIX
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Code Topic
J new judgeto benamedon MassachusettsSupremeCourt
P prisonersserve their sentenceat homethanksto anelectronicsurveillancesystem
R stricterlawsagainstdrunkendriving
T school-basedhealthclinicsagainstteenagepregnancies

Table 6.3.Overview of texts in WBUR-LABNEWS

The BostonRadio NewsCorpus: TheBostonRadioNews Corpus(Ostendorfet al. 1995)
consistsof speechfrom sevenradionewscastersfrom WBUR, aBostonpublic radiostation,li-
censedby theCorporationfor PublicBroadcasting.3 Althoughthelicensefor operatingWBUR
is held by BostonUniversity, WBUR is a professionalstation: In 1996, it had103 full- and
part time employeesand40 studentemployees.It hasbeenprimarily a news stationsincethe
earlyEighties.A largepartof WBUR’sprogrammingis suppliedby NationalPublicRadio,the
oldestandlargestpublic radio network in the US (Bliss 1992). This contractstartedin 1980.
Today, it alsoreceivesmaterialfrom theBBC andPublicRadioInternational.

WBUR’s coreaudiencelivesin easternMassachusettsandsouthernNew Hampshire.Its
listenerstendtobelongto theupperor theupper-middleclass.They tendto beaffluent,educated
white-collarworkers. Accordingto thestation’s own publicity, WBUR is a primarysourceof
informationaboutNew Englandon public radio. Fromthis andfrom thenumberof prizesthe
stationhaswon over the years,I concludethat it is a high-quality well-respectedstation. I
conjecturethat the texts in WBUR-LABNEWS wereoriginally written for Morning Edition, a
popularNPRnewsshow with timeslicesfor local correspondents.4

Thecorpusconsistsof recordingsfrom sevenspeakers. Most of thematerialwasrecorded
duringbroadcastexceptfor four stories,which wererecordedin a studio.Thesestoriesconsti-
tute theWBUR-LABNEWS-corpus.Thenewscastersreadthemtwice, first in non-radiostyle,
secondlyin radiostyle. Thecorpushasbeentranscribedby handfrom theoriginal recordings.
Table6.3presentsanoverview of thetextsandtheir contents.

The Audix Corpus: The AUDIX corpus(Hirschberg 1993, page4) also representsnews
speech,albeitof adifferentkind thantheWBUR data.It consistsof tenAssociatedPress(AP)
news storieswhich werereadby a femaleprofessionalnewscasterunderlaboratoryconditions
in radio news readingstyle. Therewereno disfluencies,becausedisfluentproductionswere
re-recordedimmediately. Four of thesestorieswereselectedfor analysis.Table6.4 givesan
overview of thesestoriesandtheir length.

As we will seebelow, thereshouldbea cleardifferencebetweenthelanguageof thesetwo
corpora.Agency reportsareusuallynotdesignedfor beingreadaloud,while textsfor newscasts
shouldbe. A simplecomparisonof sentencelengthbetweenthetwo corporashows thatwhile
theaveragelengthof a sentencein the four labnews texts is 19 words,theaveragelengthof a
sentencefrom AUDIX is 23 words(lengthsroundedto full words;datafrom Hirschberg 1993,
page5).

Radio news editorsnot only often simplify the syntaxand the vocabulary of the agency

3All informationon WBUR, if not statedotherwise,arefrom theWWW pageshttp://www.wbur.org.
4Internethomepage:http://npr.org/programs/morning/
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Code Topic
2 briberycaseagainstTeledyneelectronics
4 broadcastersargueagainstCableAct
5 in-flight problemswith aConcorde
6 new productsfrom SunMicrosystems

Table 6.4.Overview of texts in AUDIX-4

texts. They alsotendto cutagency texts,sometimesquitedramatically, astheexamplesin (Bell
1991,Chapter3) demonstrate,becausethey have to filter the information they receive from
the agency to fit both their audienceandthe programme’s time schedule.This observation is
underscoredby thefactthattheaveragelengthof a text is 5 minutes(Hirschberg 1993,page5).
It is highly unlikely thateditorswould subjecttheir audienceto 5-minutereportswritten in the
original agency style.

Nevertheless,agency materialis thebasisof boththecontentof mostnewsbulletinsandthe
sourceof mostof thesentencesthatarebroadcast.Thus,wewouldexpectthatthetaskwasnot
too difficult for thespeaker, andHirschberg (1993,page4) observesthatthespeaker produced
normalnewsreadingstyle. In sum,theAUDIX corpusdoesnot reallypresenta faithful picture
of radio news style. Rather, it reflectsa typical kind of taskfor readingmachines:readinga
complex text out loudsothatit is easyfor thelistenerto understand.

6.2.2 German: DLF, FFH, HR

The Stuttgart Radio NewsCorpus The StuttgartRadioNews Corpus(SRN; Rapp1998)
consistsof radionews bulletinsairedby theGermanradiostationDeutschlandfunkin 1995on
the full andon the half hour. Deutschlandfunk(DLF), now a part of DeutschlandRadio,is a
state-ownednon-commercialradiostation.It canbereceivedin all partsof Germany andis one
of themostprestigiousstationsin thecountry.

TheDLF newswerereadby threedifferentprofessionalnewsreaders,two femalespeakers
and a male speaker. The datawere recordeddirectly from the original digital broadcaston
two days,July 28 and November21. The researchersdid not have accessto the speakers’
manuscripts.Bulletinson thehourtendto belongerthanthoseon thehalf hour. This is almost
entirely due to the long bulletins aroundlunch time (12:00,13:00,14:00),a prime listening
time,andat16:00.Table6.5givesanoverview of thetextsandtheir topics.Only comparatively
long news itemswereselectedfor analysis.Sometexts sharethesametopic,but wereupdated
accordingto new developmentsor rewritten. All texts werereadby thesametrainedspeaker,
whoseprosodyhasbeenanalysedin e.g. (WoltersandMixdorff 2000,Mixdorff andFujisaki
2000,Mixdorff 2000).

The FFH/HR Radio NewsCorpus This corpusis publishedin (Haaß1994,Appendixpage
108ff.). TheHessischerRundfunk(HR) is thepublic radiostationof thefederallandof Hesse,
while RadioFFHis thefirst commercialradiostationof thatland.FFHpresentsanewsbulletin
5 minutesbeforethe full hour, while HR hasa news bulletin at the traditional times. Haaß
(1994)comparesthe two news styles. The corpuswill be usedmainly to checkhypotheses
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Day Hour News Item Position/ Topic
July28 12:00 1 attackonBosniantown of Bihac

4 Mazowiecki stepsdownasUN specialemissary
to Bosnia

6 Frenchatomicbombtestsin Pacific
8 Castrowantsto stayin power in Cuba
9 Kurdishprotestsandhungerstrikes
10 Social Democrats’commentson tax compro-

misewith ChristianDemocrats
November11 12:00 1 stateof Daytonpeacetalks

2 Kohl and Verheugencomment on Bosnian
peacetalks

3 Javier Solanato benamednew NATO Secretary
General

5 trial of NaziErich Priebkebeginsin Italy
6 GermanSupremeCourtdebateschangesin po-

litical asylumlaw
7 Scharpingasksfor voteof confidence
9 debts of Bundesl̈ander from the former East

Germany
12:30 1 stateof Daytonpeacetalks
13:00 3 threePolishsecretariesof statestepdown

4 Javier Solanato benamednew NATO Secretary
General

5 commentsof Däubler-Gmelinon asylumlaws
7 Kinkel defendspolicy of critical dialogue

13:30 1 financingof fastTrans-Europeantrainnetworks
5 new secretaryof statefor North Rhine West-

phalianamed
14:00 1 stateof Daytonpeacetalks

8 juridical decisiononpensions
14:30 5 Rauwill not leavepolitics
15:00 1 stateof Daytonpeacetalks

3 ChinesedissidentWei Jingshengimprisoned
6 DeutscheBahnmayoffer VISA card

15:30 7 stateof Daytonpeacetalks
16:00 1 Daimler-Benz will restructuretheir aerospace

subsidiaryDASA
8 GermanSupremeCourtdiscussesasylumlaw

17:00 2 Daimler-Benz will restructuretheir aerospace
subsidiaryDASA

Table 6.5. Overview of texts in DLF-RE. For eachnews item, its positionin thenews andits
topic is given.
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FFH HR
Day News Items News Items
June16 2, 3, 4, 5 1, 2, 3, 4, 5, 6, 7
June17 2, 3, 4, 5 1, 2, 3, 4, 5, 6
June22 1, 2, 3, 5, 6
June24 1, 2, 4, 5

Table6.6. Overview of theFFH/HR-REcorpus

aboutnews languagewhichwerederivedfrom ananalysisof theStuttgartdata.

The corpusconsistsof photocopiesof the original manuscriptsfor 13 FFH shows and13
HR shows. 9 pairsof shows wererecordedat 15:55/16:00,the startof late afternoonprime
time,and4 pairsearlyin themorningat thestartof breakfasttime,6:55/7:00.Theshowswere
recordedon 13 separatedaysduringJune,July, andAugust1992,with onepair of shows per
day. FFH news typically last 3 minutes,HR news 4.5 minutes(Haaß1994,page26). Since
thestationsdo not differ in theaveragenumberof stories,thetime differencesmustbedueto
differencesin story lengthandultimately, in news selectionandlanguage.Only storieswhich
werepresentedcompletelyby the news readerhimself wereselectedfor analysis. Table6.6
givesanoverview of theselectedtexts. All textscomefrom Junerecordings.

Comparison: Although theGermanandtheAmericanEnglishcorpusbothconsistof radio
news, they differ quitemarkedly in overallstructure;onecouldevensaythatthesetextsbelong
to differentgenres(LaRoche1991b).AmericanandGermanradiostationsdiffer markedly in
their historyandtheir organisation(Hoffmann-Riem1985,Meyn 1999,Bliss 1992,Donsbach
andMathes1999). To sumthe main differencesup in a sentence,Germanradio went from
public to private,andAmericanradiofrom privateto public.

In Germany, almostall radiostationshavea3-5minutenewsflasheveryhour;in themorn-
ing, moststationsbroadcasta review of theday’sheadlinesat thehalf hour. Thenewsis almost
always followed by the weatherforecast,and, for stationsthat broadcasttraffic information,
informationaboutcurrenttraffic jams. Oncea story is written, it canbereusedin subsequent
bulletins,if nothingsignificanthashappened,or it is modifiedto reportrelevantchangesasthe
daywearson. Becauseof this reuse,speakersin theGermancorpussometimesreadthesame
storyseveraltimesduringtheday.

In America,notmany stationsadhereto suchastrict schedule.In theU.S.,newsreportsare
thedominantform of radionews. They aredesignedto catchthe listener’s interestandcome
closerto theclassicalreportagethanto condensednewsflashesputtogetherfrom agency reports
(Stümpert1991).In Germanradio,suchreportagesareusuallyleft to specialshows(Altrichter
1975),which canlastseveralhoursandinterleavereportsandinterviewswith music.

Becauseof theselarge differencesin form and organisation,Germanand Americanra-
dio news aremorethanculture-specificinstantiationsof thesamegenre—they constitutecom-
pletely different genresin the senseof (Swales1990), albeit with a similar communicative
purpose.(For moreongenresandtext types,seethediscussionin AppendixC.)
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Code Category
PRN pronoun
DEF definitearticleor possessivein determinerpositionor quantifier“all”
INDEF indefinitearticleor cardinalsin determinerposition
NE determinerless,headis apropername
NA no article,not apropername

Table6.7. Categoriesfor theform of referringexpressionsusedin AUDIX-4 andFFH/HR-RE

6.2.3 Annotations

For AUDIX-4 andFFH/HR-RE, theanalysisis basedon thenews readers’manuscripts.Only
thetext itself is analysed,not additionalmaterialfrom reportersusedto illustratea news item.
TheDLF andWBUR textsaretranscriptionsof actualnewscasts.

AUDIX-4 andFFH/HR-RE werelabelledwith boundariesof referringexpressionsandco-
specificationchains. For eachreferring expression,I determinedwhetherit is a pronoun,a
definiteNP, an indefiniteNP, a propername,or neither(Table6.7). I alsocalculateddistance
to lastmention(first mention,lastmentionin samesentence,lastmentionin previoussentence,
lastmentionbeforeprevioussentence).

Theannotationsof WBUR-LABNEWS andDLF-RE, ontheotherhand,aresomewhatmore
complex. For eachreferring expression,I codedimportantaspectsof its form, its syntactic
function,its entity status,bothin termsof thesource-basedschemedevelopedin Section5.2.2
and in termsof the GivennessHierarchy, and the semanticsof the discourseentity that was
specified.I alsocomputedits positionin the text. On the following pages,I will discussthe
annotationsin moredetail.

Structure

Themainunit of annotationis theword;sub-wordunitsarenotconsidered.Following common
practicein computationallinguistics,awordis anuninterruptedsequenceof charactersbetween
two whitespaces.Referringexpressionsconsistof oneor morewords. Partsof wordsdo not
constituteseparatereferringexpressions,even if theword is hyphenated.This solutionis not
optimalfrom a linguistic point of view, but it guaranteesreliablelabels.Eachword is assigned
its positionin thetext: (paragraphor) sentenceinitial, (paragraphor) sentencefinal, andmedial,
thatis,notat theboundaryof aunit. Theselabelsarecomputeddirectly from theannotations.If
awordis ataboundary, wespecifyits positionaccordingto thelargestunit whichthisboundary
is associatedwith. For example,paragraph-finalwordsarenotadditionallymarkedassentence-
final. Paragraphswereonly annotatedin WBUR-LABNEWS; they werepresentin AUDIX-4,
but not labelled. For referringexpressions,I alsocalculateddepthof nesting. If a NP is the
daughterof a VP, it hasdepth0, if it is thedaughterof aNPof depthÉ , it hasdepthÉËÊÌ� .
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Code Category Example
DEF definitearticle theGermanchancellor

INDEF indefinitearticle aspokesmanfor theAmericandelegation
POSS possessivepronoun/ genitivenoun hisdecisionto run / Gore’s decisionto run
CNT numeral two Democrats
QNT quantifier everyRepublican

NA nodeterminer GrandOld Party, HelmutKohl

Table 6.8.Codesfor Determinersin theRadioNewsAnnotation

Syntax

Thesyntacticattributesdescriberelevantpropertiesof theform of a referringexpressionandof
its function in sentence.They weredesignedto beassuccinctaspossible.Sinceno parsewas
available,all informationhadto behand-coded.

Fivemainform categoriesaredistinguished:pronouns,includingdemonstrativeandposses-
sive pronouns,barecommonnouns,barepropernames,prepositionalphrases,anddeterminer
phrases.For determinerphrases,I alsocodedthetypeof determiner(Table6.8).

Four attributescodewhethersomefrequenttypesof modifiersarepresent:AMOD for ad-
jectives,PPMOD for prepositionalphrases,NMOD for NPsandDPs,and RCMOD for relative
clauses.

Thesyntacticfunctioncategoriesaresummarisedin Table6.9. Theclassnamesarebased
on traditionalterminology. The basicdistinctionis betweengrammaticalsubjects, obligatory
argumentsof the VP head(objects), andotherNPs (adjuncts). Adjunctsare eitheroptional
VP argumentsor NP arguments. The two subclassescan be distinguishedby their level of
embeddingin otherNPs: A VP argumentis at level 0, an NP argumentat level 1 or deeper.
Most objectsareeitherdirect objectsor prepositionalobjects;adjunctstendto be genitive or
prepositionaladjuncts.

Both the threeadjunctandthe threeobjectclassesaremotivatedby surfacepropertiesof
the NPs. Dative objectsareonly labelledin the Germantexts, becauseGermandistinguishes
betweenaccusative anddative objectsinflectionally. English,on theotherhand,usesa special
preposition,“to”, for dativeobjects,whosesurfaceform becomesthusequivalentto thatof PP
objects.

In this study, I concentrateon choiceof determiner, presenceof modifiers,andsyntactic
function; word ordercorrelatesof entity statuswereleft aside.This hastwo reasons:Firstly,
throughoutthethesis,I focuson the influenceof entity statuson theform of referringexpres-
sions,andthis focusis maintainedhere. Secondly, a thoroughanalysisof word orderwould
have requireda full parse,whichwasnot feasiblegiventhetimeconstraints.

Semantics

Semanticpropertiessuchascountabilityor genericityinfluencewhich determinera referring
expressionwill carry (Eisenberg 1994,Carlson1977). Therefore,we shouldcertainlyinclude
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Code ConstituentType Explanation
SJ subject obligatoryargumentof verb,nominativecase

object subcategorisedfor by verb
DOBJ direct accusativecase
GOBJ genitive dativecase
POBJ prepositional prepositionalphrase

adjunct non-obligatoryVP argumentor NPargument
PADJ prepositional in theform of aprepositionalphrase
GADJ genitive genitiveadjuncts
OADJ other NP/DPadjuncts,accusativeor dativecase

Table 6.9. Typesof syntacticconstituents.This syntacticclassificationrelieson standardcon-
ceptsof phrasestructuregrammar, but notonany specifictheory.

somesemanticinformation in the annotationschemebeyond that which is provided by part-
of-speechtags(propernamevs. commonnoun)or syntacticform (bareNPstendto refer to
kinds).

Fromthewealthof differenttypesof informationonemight want to encode,rangingfrom
thematicroles to semanticfeatures,threewere selected:genericity, countability, and sortal
class. Thematicroleswereleft out of the picturebecauseany principledassignmentof such
roles,beit accordingto Jackendoff ’s (1990)Lexical ConceptualSemantics,accordingto Dik’s
(1989)FunctionalGrammar, oraccordingto Halliday’s(1994)SystemicFunctionalLinguistics,
requirestheanalystto determinetheclassof theverbfirst. This stepintroducesanadditional
sourceof errors.

Beforewe proceedwith theannotationconventions,a noteof caution:Many semanticists
areboundto squirmatsomeof theannotationconventionsproposedhere.Countability(Carlson
1991),genericityandsortalclassesareeachof themfieldswith a long researchtradition,and
it is not possibleto do that researchjustice in annotationconventionsfor corpora. I distilled
theresultsof my mainsources,(Krifka 1991,Carlson1991)for countabilityand(Krifka et al.
1995)for genericity, into asetof easilyapplicableheuristicsthatwererevisedto coverdifficult
casesasI proceededin my annotations.In hertypologicalwork, Behrens(1995,in preparation)
hasproposedaninterestingclassificationschemefor referringexpressions,which shehasalso
appliedto suchthorny issuesasgenericityor the mass/countdistinction. Sinceher category
definitionsare language-independent,annotationsusing that schemewill very likely be less
circularthanthecombinationof heuristicsandsemantictheorythatI usedhere.If thescopeof
thepresentstudyis to beextended,theannotationschemeshouldclearlyberevisedto take her
resultsinto account.

Countability: TheattributeCNT identifiessix classesof nounswhichhavedistinctivesyntac-
tic andmorphologicalpropertiesin GermanandEnglish: propernames(PN), collective nouns
(COLL), andmassnouns(MASS). NPswhich refer to conceptsandwhich arenot countable
arelabelled(MABS), andNPswhich belongto neitherof thesecategoriesarelabelledY (for
countable:yes). The attribute is not assignedbasedon the semanticsof the discourseentity
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Code Category Examples
PN propername MichaelDukakis,theSafeRoadsAct

HamptonCountyjail, 1999,Washington
MABS uncountableconcepts availability, hope(generalfeeling)
MASS massnouns water
COLL collectives police,boardof directors

Y countable schools
NONE notapplicable he,she,it

Table6.10.Countabilitycategories

itself. Rather, it sits on a fine line betweensyntaxandsemantics—ononehand,it encodesa
morpho-syntacticdistinction,pluralisability, on theother, semanticconceptsthathavebeenthe
subjectof vociferousdebates.

Letusbeginwith thepurelysemanticallymotivateddistinctions,collectivesandmassnouns.
Both typesof nounsdo not distinguishsingularandplural formsandcannotbecombinedwith
numerals.Massnounscanbedistinguishedfromcollectivenounsin thatmassnounsreferto ho-
mogeneousentitieswithoutnaturalpartitions(Krifka 1991).Table6.10showssomeexamples.
In the radio news texts, massnounsarevery rare,collective nounsaswell. Thesemantically
interestingdistinctionsarethusalmostirrelevantfor ourstatisticalanalysis—notenoughreports
aboutpoliceviolenceor watershortages,I’m afraid.

Thecategory “propername”coversnot only namesof persons,places,laws, buildings,or
companies,but also temporalexpressionsthat namespecificdatesand times. For example,
in thephrase“On Monday, September25, shehandedin her thesis.”, the temporalexpression
“Monday, September25” is treatedasaname,while in thephrase“On Wednesdays,sheusually
goesfor a swim with Gerd.”, “Wednesdays”is treatedasa type-identifiableexpression.Time
spansarelabelledasMABS.

For referringexpressionsthatdenotepersons,thecategory PN is only assignedwhenthere
is an extensionalreferenceto that personusingthe name. NPsthat refer to a personby their
functionaretreatedascountable,evenif thenameof thatpersonis specifiedin a modifier. In
this interpretation,thepropernamemodifiernarrowsdown theinterpretationof theheadNPto
asingleindividual,thatdesignatedby thepropername.

Pluralsarelabelledascountableaccordingto theclassificationof thecorrespondingsingu-
lar. Sincetheattributedoesnot really make sensefor pronouns,it hasthedefault specification
“none” there.

Genericity: Genericpassagesare quite rare in the data. Most of thesepassagesdescribe
consequencesthat legal decisionswill have for thelisteners.They arepartof so-calledservice
news items(Zehrt1996),whicharerareon DLF, astationthattendsto stick to hardnews in its
on-the-hournewsflashes.Hence,mostgenericsentencesfall in thecategoryof lexical habituals
(Krifka et al. 1995).An examplefollows:

(6.1) Zudem sollen Überstundennur noch in der Freizeit abgegolten und die Lohn-
nebenkostengesenktwerden.
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Code Category Examples
PER persons and non-institutionalised

groupsof persons
drunken drivers, Michael
Dukakis, three single moth-
ers

PLACE places Massachusetts
TIME time/date lastyear
INST institutions,political entities,com-

panies, institutionalisedgroupsof
persons

the Board of Representa-
tives,MassachusettsSupreme
Court,Massachusetts

THING physicalthing,sumsof money car, road
EVENT eventandtypeof event subscription, application,

negotiation, computerised
phonecalls

ABSTRACT otherabstractconcepts birth control,SafeRoadsAct

Table6.11.Sortalclasseswith thecorrespondingattributevalueandanexample

This sentenceconcernsa job creationprogramme. Überstunden(overtime) is certainly
generic,becausetheproposalrefersto overtimein general.TheNP “Lohnnebenkosten” (addi-
tionalsalarycosts)is problematic:eitherit refersto Lohnnebenkostenin general,or to aspecific
economicvariable.

Sortal Class: Thesortalclassesfor theradionews textsarelistedin Table6.11togetherwith
someexamples.Whenassigninga classto a referringexpression,theclassesareconsideredin
theorderin which they appearin thetableuntil a classhasbeenfoundto which thediscourse
entity canbe assignedsatisfactorily. The last class,“abstractconcepts”,is a sort of garbage
class.Thecategorieschosendiffer somewhatfrom thosethatwereusedfor BROWN-COSPEC

(AppendixC). Statesandprocesses,which areusuallyrealisedby verbphrases,have not been
assignedseparatecategories,becausethey occurrarelyasnominalisations.On theotherhand,
institutionshavebeensingledoutbecausethey occurquitefrequentlyin thetexts.

Entity Status

To labelthecorporawith all taxonomiesof entitystatuseverdesignedin orderto comparetheir
empiricalcoveragewould have beenpointless,becausemany taxonomiesarebut reducedver-
sionsof fuller ones.For AUDIX-4 andFFH/HR-RE, I operationalisedentity statusasdistance
from lastmention,following thestrategy of e.g.(Ariel 1990,Givón1992).WBUR-LABNEWS

andDLF-RE, thecorporafor which I haveaccessto thespeechfiles,wereadditionallylabelled
with two taxonomies:thesource-basedschemeintroducedin Section5.2.2,andtheGivenness
Hierarchy(Gundelet al. 1993, c.f. also Table 4.5). The GivennessHierarchylabelswere
placedaccordingto theoriginal publication;asfar asI know, no annotationmanualsor train-
ing materialareavailable.This makesannotatingnew materialdifficult becausein annotation,
many minor issuescrop up thatarebestsettledby anextensive manual.That theannotations
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have not beenvalidatedby anotherannotatormeansthat they representmy judgementsabout
themanagementof discourseentitiesin thesetexts.

I have not investigatedissuesof topicality further on this data. The main reasonis the
Germandata: many storiesaresequencesof sentenceswith almostno overt contextual links.
Not many sentenceshavetopics,andthematicprogressiontendsto beunordered.Theproblems
arediscussedin moredetailin Section6.4.1.Neitherdid I analysemy datain termsof Centering
Theory. As we have seenin Section4.3.2,therearemany competingtakeson orderingthelist
of forward-lookingcentresand the properdefinition of units. A proper, principled analysis
shouldcompareat leasttwo or threeof thesealternativesin depth,andthat wasnot possible
for reasonsof time. Furthermore,in news discourse,referentialcontinuitydoesnot appearto
bevery importantfor establishingcoherence.A primeexampleis theGemayeltext, aperfectly
normalnews report. Hence,we would expectany Centeringanalysisto yield plentyof rough
shifts,andthatis exactly theresultapreliminaryanalysisof somediscoursesusingthestandard
algorithm(Brennanet al. 1987)gave.

6.3 Quantitati veAnalysis

I now turn to the first part of my analysesof entity statusin news discourse,the quantitative
analysesof thecorporadescribedin Section6.2.To begin with, Section6.3.1surveysthedistri-
butionof referringexpressionsandco-specificationsequencesin thefourcorpora.Next, Section
6.3.2dealswith influenceson theform of referringexpressionsotherthanentitystatus,suchas
thesemanticsof thediscourseentity. After this groundwork, we cansetaboutquantifyinghow
thestatusof a discourseentity influencestheway in which it will bementioned.This analysis
will focuson threequestions:

1. How arenew discourseentitiesintroduced?Is therea differencebetweentracking refer-
ents,thosethatwill bementionedfrequently, anddeadendreferents,thosethatwill not
bementionedbut once?(Section6.3.3)

2. How areold discourseentitiesaccessed?(Section6.3.4)

3. Canwe find correlatesof the differenttaxonomiesof entity statusdescribedin Section
5.2?Do sometaxonomieshavemoreclear-cut correlationsthanothers?(Section6.3.5)

Note on Percentagesand Accuracy: In order to eliminatemistakes as far as possible,I
checkedtheannotationsof thecorporamyself repeatedly, searchedautomaticallyfor inconsis-
tentfeaturecombinations,andtook careto addtheannotationsin layers,following therecom-
mendationof (Hirschmanet al. 1998).First I labelledtheboundariesof referringexpressions,
next, I establishedco-specificationsequences,andfinally, I insertedtheattributesof therefer-
ring expressions.In eachstep,I caughta few earliermistakes. Nevertheless,sinceit wasnot
possibleto haveanotherannotatorcross-checktheannotationsof all four corpora,I mustallow
for a certainmargin of error in my statisticalresults. To be on the safeside,all differences
betweenpercentageswhich aresmallerthan1Í areboundto bevariationswithin the margin
of annotatorerror, andcontingency tablecellswith lessthan5 itemsaretreatedwith duecau-
tion. To avoid suchsparsecells,I will alsocollapsecategorieswhich, thoughsemanticallywell
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German American
DLF FFR HR WBUR AUDIX

# stories 31 17 13 4 4
total storylength(words/clauses) 2791/ 149 1073/ 70 1047/ 63 2112/ 112 1927/ 97
avg. storylength(words/clauses) 90 / 5 63 / 4 81 / 6 528/ 28 482/ 24
# discourseentities 646 252 214 323 326
Í co-specificationsequences 86 (13Í ) 45 (18Í ) 52 (24Í ) 113(35Í ) 46 (14Í )
# referringexpressions 787 302 293 547 439
avg. # referringexpressions 25 18 23 137 110
discourse-oldr.e. 141(18Í ) 50 (17Í ) 79 (25Í ) 232(42Í ) 113(26Í )
pronouns 49 (6Í ) 15 (5Í ) 20 (7Í ) 88 (16Í ) 28 (6Í )
definites 409(52Í ) 142(47Í ) 141(48Í ) 175(32Í ) 131(30Í )
indefinites 87 (11Í ) 41 (14Í ) 32 (11Í ) 38 (7Í ) 75 (17Í )
propernames 120(23Í ) 57 (19Í ) 62 (21Í ) 66 (12Í ) 98 (22Í )
bareNPs 122(8Í ) 47(16Í ) 38 (13Í ) 180(33Í ) 107(24Í )

Table 6.12. Distribution of referring expressionsin the four corporaAUDIX-4, DLF-RE,
WBUR-LABNEWS, andFFH/HR-RE. Percentagesin brackets;significantlyhigh or low per-
centages(Fishertest,p � 0.01)arein bold face.

motivated,rarelyoccurin thedata.This concernsin particularthedeterminercategoriesQNT

(quantifier)andCARD (cardinal),whichoccurredlessthantentimesin eachof thecorpora.
All percentageswill beroundedto thenext full integer. For this reason,somepercentages

maynotaddupto 100. I chosethis rathercoarseroundingbecausethecorporaaresosmallthat
onesinglechangeof annotationcanchangepercentagesby asmuchas0.34percentagepoints.

6.3.1 BaselineI: Differ encesBetweenthe Corpora

Table6.12showsthatthedistributionof referringexpressionsin thefour corporadiffersgreatly.
Onefundamentaldifferenceis dueto thelanguage:In German,bareNPsarepermittedin fewer
contexts thanin English.Thecomparisonis alsomademoredifficult by thefact that,asTable
6.15shows, theGermandatacontainsvery few generics.

In bothlanguages,possessivesandbareNPsfrequentlyco-occurwith genericdiscourseen-
tities. Thegenericpronounsin WBUR-LABNEWS comefrom longerpassageswhich describe
theconsequencesof new laws. In onepassageof text R, thegenericpronounis thesecondper-
son“you”: theauthordirectlyaddressesthelistenerto tell him thatif heis caughtdriving drunk,
he facescertaininconvenientconsequences,althoughsheis actuallytalking aboutpotentially
drunkMassachusettscitizensin general.

In theGermancorporaandin theAUDIX-4 agency copy, we find comparatively many first
mentions,corroboratingtheresultsof Biber (1992),which weresummarisedin Section5.1.1.
Only WBUR-LABNEWS departsfrom that pattern. This is also the corpuswith the highest
percentageof pronouns,andthelowestpercentageof indefinitesandpropernames.Thereason
for this radicaldifferenceis simple: the WBUR-LABNEWS texts arereports,they develop a
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Corpus subject object prep.adjunct otheradjuncts
WBUR-LABNEWS 39 Í 30 Í 17 Í 13 Í
DLF-RE 33 Í 19 Í 34 Í 14Í

Table 6.13. Distribution of syntacticfunctions.(Percentagesareroundedandthereforedo not
addup to 100.)

Corpus person inst. place time thing abstract event
WBUR-LABNEWS 34 Í 13 Í 3 Í 3 Í 7 Í 38 Í 3 Í
DLF-RE 24 Í 19 Í 9 Í 5 Í 3 Í 23 Í 16 Í

Table6.14.Distributionof sortalclasses.

coherentstoryandgivenecessarybackgroundinformation.Theothercorporafocuson getting
themainnews messageacross.This is alsotruefor thelongerAUDIX-4 agency reports.Upon
readingthem,it becomesclearthatthey aremainly a collectionof relevantmaterialwhich still
needsto becopy-edited.

Looking at the distribution of referring expressionsover grammaticalroles, we observe
that the frequency of adjunctsis far higherin DLF-RE (Table6.13). This effect canbetraced
to the genre“news flash”. As much information as possiblehasto be crammedinto a few
sentences.This informationshouldanswertheclassicalquestionsthatanewsstoryis supposed
to answer:Who did Whatto WhomWhereandWhen?WhereandWhenareprimecandidates
for adjuncts.Modifiers of referringexpressionswhosefunction it is to help listenersidentify
thereferentquickly andefficiently.

Furthermore,thereare marked differencesin the distribution of semanticclasses(Table
6.14).While abouta third of all referringexpressionsin theWBUR texts referto people,anda
third to abstractconcepts,thisdropsto afourtheachin theGermantexts. In contrastto WBUR-
LABNEWS, NPsin DLF-RE refermuchmorefrequentlyto events.Thereareseveralreasonsfor
this effect. First editorstendto reporteventsnot in VPs,but in NPs,with theeventexpressed
by a nominalisationanda semanticallybleachedmainverbsuchas“stattfinden”(tookplace).
Second,reportingeventsasNPsmakesit easyto mentionseveraleventsin thesamesentence,
eventsthat took placebeforethat describedin the main VP or eventsthat standin a causal
relationshipwith it. Lastly, thereis a markup-specificreason:nominalisationsin Germanare
oftenexpressedby gerundconstructionsin English.Sincegerundsareverbforms,they do not
countasreferringexpressions.

6.3.2 BaselineII: SemanticInfluences

Entity statusis certainlynot the only influenceon the choiceof article. Other importantin-
fluencesarecountabilityandgenericity, andto a certainextentalsosortalclass.For example,
genericstatementsaboutkindsfrequentlyinvolve bareplurals(Carlson1977). In this section,
I describetherelevantpatternsthatsurfacein thedata,beforeI discusshow entity statusmay
modify them. If not statedotherwise,all significantassociationswerefoundby a Fishertest,
significancelevel p � 0.005. The significancelevel waschosenbecausethe analysisinvolves
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WBUR-LABNEWS

pronoun name def. poss. indef. bareNP total
generic 36Í 0Í 26Í 49Í 39Í 52Í 194(35Í )
specific 64Í 100Í 74Í 51Í 61Í 48Í 353(65Í )

DLF-RE

pronoun name def. poss. indef. bareNP total
generic 10Í 0Í 3Í 10Í 7Í 15Í 43 (5 Í )
specific 90Í 100Í 97Í 90Í 92Í 85Í 745(95Í )

Table 6.15. Effect of Genericityon Form of ReferringExpressions.Percentagesare based
on absolutefrequency of pronouns/ determinertype. Last column: absolutefrequency of
generic/specificin corpus

many significancetests,someof whichmightyield spuriouspositives.

Sortal Class: Which modifierswe canexpectto find in a referringexpressionsdependson
thesortalclassto which it belongs.

In WBUR-LABNEWS, abstractnounstendto havemorePPandadjectivemodifiers.Institu-
tionsetc.,ontheotherhand,show moreNPmodifiers.Onereasonfor thisis thatin phrasessuch
as“BostonUniversitySchoolof PublicHealth” (text R, WBUR-LABNEWS) or “Massachusetts
SupremeCourt” (text J, WBUR-LABNEWS), I analysedtheNPmodifiers“BostonUniversity”
and“Massachusetts”asa separatereferringexpression.Incidentally, “Massachusetts”is part
of a co-specificationsequencethatstretchesthroughthewhole text. Personsarelesslikely to
bereferredto with a definiteNP, andlesslikely to bedescribedwith adjectives. In fact,most
personsin thesetextsarereferredto eitherby theirname(andsocialfunction),or by apronoun.
In DLF-RE, placenamestendnot to occurwith definitedeterminers(29.87Í vs. 52Í overall)

In bothcorpora,eventsaresignificantlymorelikely to comewith the indefinitearticle. In
DLF-RE, 18.70Í of event NPshave an indefinitearticle, but only 6.98Í of all referringex-
pressionsin the corpushave it. In WBUR-LABNEWS, the numbersare26.67Í and5.67Í ,
respectively. For EventNPsof thattypearefrequentlyusedwhentheauthorgivessomeback-
groundinformation.

Genericity: Thedefinitearticleis significantlylessfrequentwith genericreferentsthanwith
specificones. This holdsfor both corpora(Table6.15). However, genericreferentsandsen-
tenceswith genericreadingsarequite rarein DLF-RE, becausethesetexts reporton specific
events.Genericitybecomesrelevantonly whenreportingthereasonspoliticianshavegivenfor
takingcertainmeasures,or whenexplainingtheconsequencesof political eventsfor thegeneral
public. Genericreferentsthusoccurwithin prototypicalbackgroundinformation,whichcanbe
cut if necessary.
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WBUR-LABNEWS

def. poss. indef. bareNP total
named 6Í 0Í 0Í 0Í 79 (14Í )
countable 86Í 89Í 97Í 78Í 412(75Í )
coll. + mass 2Í 0Í 0Í 2Í 8 (1Í )
uncountable 6Í 11Í 3Í 20Í 49 (9Í )

DLF-RE

def. poss. indef. bareNP total
named 32Í 10Í 0Í 0Í 248(31Í )
countable 49Í 48Í 84Í 70Í 407(52Í )
coll. + mass 2Í 0Í 2Í 2Í 13 (2Í )
uncountable 17Í 42Í 14Í 28Í 122(15Í )

Table 6.16. Distribution of determinersfor countablevs. massnouns/collectivesvs. uncount-
ableheadnounsof referringexpressions.For a definitionof thecountabilityvalues,seeTable
6.10.

Countability: Massnounssuchas“water”, “blood” usuallydo not takeanarticle. However,
both massnounsand collectives are rather rare in thesecorpora. Much more frequentare
abstractnounswhich occur only in either singularor plural. They accountfor 8.8Í of all
referringexpressionsin WBUR-LABNEWS andfor 9.6Í of all referringexpressionsin DLF-
RE. Suchnounsareoften article-lessin the AmericanEnglishcorpus,but not in the German
corpus,wherethey tendto be associatedwith the definitearticle. This might be a language-
specificdifferencein article use,but sincethe subjectmatterof the two corporaalsodiffers
considerably, it couldalsobethecasethatdifferenttypesof abstractnounsoccurin eachcorpus.
DLF-RE hasconsiderablymore propernamesthan WBUR-LABNEWS (27.7Í vs. 13.5Í ).
The definitearticle is significantly lessfrequentwith propernames;still, it occursfor some
institutionsandfor personswhoareintroducedbothwith their nameandtheir function.

Summary: Sincethetextsbarelycontainedany naturalkinds,classiccorrelatesof genericity
werehardto measure.However, thedefinitearticledid occursignificantlylessfrequentlywith
genericsin both corpora.Thereweresomeeffectsof sortalclass.The effectsof countability
were lessclear-cut, partly becauseclassicmassnounsandcollective nounswereratherrare,
partly becauseassigningall abstractnounsthat cannotbe declinedfor numberto one class
couldpotentiallyobscuredistinctionswhich areimportantfor thedistributionof articles.

Wehaveseenthatthesemanticsof adiscourseentityplaysanimportantrole in determining
theform of a referringexpression.In thefollowing sections,wewill look at theeffectof entity
status,focusingon themanagementof discourseentities.In Section6.3.3,we will seehow the
particularcommunicationsituationin radio news affectsthe way new entitiesareintroduced,
andin Section6.3.4,I examinehow theseentitiesaremaintainedandaccessed.Finally, I ask
whetherany of the taxonomiesof entity statusdefinedin Section5.2.2canpredictaspectsof
theform of referringexpressionsin radionewsdiscourse.
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WBUR-LABNEWS AUDIX-4 DLF-RE FFH/HR-RE

Definites 32Í 26Í 52Í 49Í
Indefinites 9Í 23Í 9Í 15Í
ProperNames 9Í 20Í 14Í 17Í
BareNP 42Í 30Í 18Í 17Í

Table 6.17.Percentageof first mentionsrealisedasdefinites/ indefinites/ propernames/ bare
NPs.bold: significantassociationbetweencategory anddiscourse-new

6.3.3 Intr oducingNewEntities

Fromourdiscussionof thegenreof radionewsin Section6.1,it followsthatmostfirst mentions
shouldbedefinites.Therationalefor this is simple:Definitestendto befamiliar anduniquely
identifiable(leaving the chicken-and-egg problemof which of the two is primary asidefor a
moment).News itemstendto beaboutfamiliar news actorsandnations. In orderto give the
audiencea fair chanceof understandingwhat the news item is aboutbeforethe text is over,
first mentionsshouldalsobeuniquelyidentifiable.This requirementis lessstrict for thelonger
Americantexts that canspendmoretime elaboratingon backgroundinformation. A cursory
analysisof the texts alreadyconfirmsthis hypothesis:All texts show a marked tendency to
introduceevenrelatively well-known referentsby somepropertywhich makesthemuniquely
identifiable,usuallytheirpublic functionor theirpositionin theorganisationthatis beingtalked
about.For example,MichaelDukakisis referredto as“Governor” whenhe is first mentioned
in text J, WBUR-LABNEWS, andthen-chancellorHelmutKohl, a morethanfamiliar figureto
mostGermans,is always introducedas“BundeskanzlerKohl” (chancellorKohl) whenhe is
mentionedin the Germannews items. This descriptioncorrespondsto a propername(Kohl)
plusanattributivenounwhichhelpslistenersidentify Kohl by his function.Suchfirst mentions
instantlycall upthescriptsassociatedwith thesepeoplein theirofficial functionasGovernoror
Chancellor. As we canseein theanalysesof section6.4.2,this cuecanbeadapteddepending
on thenews item. Thequantitative resultssummarisedin Table6.17presenta somewhatmore
complex picture. Althoughdefinites(includingNPswith a possessive in determinerposition)
accountfor roughlyhalf of all first mentionsin theGermancorpora,thatpercentagedwindles
to athird (WBUR-LABNEWS) or afourth(AUDIX-4) in theEnglishcorpora.Significancetests
(Fishertest,p � 0.005)indicatethatthereis nostatisticallysignificantassociationbetweendefi-
nitedescriptionsanddiscourse-new entities,exceptfor AUDIX-4, the(comparatively) unedited
agency copy. Rather, definitedescriptionstendto be distributedequallyacrossfirst andsub-
sequentmentions. In the DLF-RE-data, definitesappearto be reserved for co-specification
sequences:first mentionsthatstarta new sequencearesignificantlymorelikely to bedefinites.

In general,the indefinite is the only really reliable indicator that a referring expression
evokesa new discourseentity is the indefinitearticle. However, sinceit is lessimportantthat
deadenddiscourseentitiesbe identifiable,we would expectthat the indefinitearticle is more
strongly associatedwith them than with first mentionsof tracking entities. Table 6.18 con-
firms thathypothesis:theindefinitemostlyoccurswith deadendentities,entitiesthatarenever
accessedagainandweremerely introducedto supplybackgroundknowledge. In AUDIX-4,
FFH/HR-RE andDLF-RE, bareNPsperforma function that is similar to that of indefinites:
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def. (poss.) indef. name bareNP pronoun total
DLF-RE

first mentions 84Í (100Í ) 100Í 75Í 97Í 6Í 646 (82Í )

deadend 71Í (97Í ) 92Í 65Í 91Í 2Í 560 (71Í )
tracking 14Í (3Í ) 8Í 10Í 6Í 4Í 86 (11Í )

hearernew 63Í (93Í ) 95Í 81Í 23Í 6Í 471 (60Í )
new anchored 8Í (59Í ) 2Í 0 0 0Í 37 (5Í )
FFH/HR-RE

first mentions 81Í 96Í 100Í 68Í 0Í 466 (78Í )

deadend 64Í 81Í 93Í 41Í 0Í 379 (64Í )
tracking 17Í 15Í 7Í 27Í 0Í 87 (14Í )
WBUR-LABNEWS

first mentions 63Í (91Í ) 95Í 42Í 76Í 13Í 322 (59Í )

deadend 56Í (69Í ) 63Í 21Í 54Í 3Í 212 (39Í )
tracking 7Í (22Í ) 32Í 21Í 22Í 10Í 110 (20Í )

hearernew 42Í (63Í ) 55Í 17Í 22Í 5Í 132 (24Í )
new anchored 25Í (60Í ) 29Í 8Í 12Í 3Í 82 (15Í )
AUDIX-4
first mentions 66Í 99Í 66Í 93Í 7Í 326 (74Í )

deadend 53Í 88Í 47Í 91Í 7Í 280 (64Í )
tracking 13Í 11Í 19Í 2Í 0Í 46 (10Í )

Table 6.18. Formsof first mentions.Percentagesarebasedon the absolutefrequency of the
typesof referringexpressionin thecorpora.

they areusedfor entitiesthat are referredto but once. This tendency is lesspronouncedin
WBUR-LABNEWS: mostof the texts areaboutspecificissues,andkey conceptsthat relate
to theseissues,suchas“birth control” in text T, arealwaysdeterminerless.We do not get that
effect in AUDIX-4 becausethetextsI selectedfrom thatcorpusareclassicalnewsitems,reports
abouteventsandactions.

For DLF-RE andWBUR-LABNEWS, which I codedusingthe full source-basedscheme,
Table6.18shows how hearernew andbrand-new anchoreddiscourseentitiesarerealised.In
bothcorpora,bareNPstendto behearer-old concepts.Namesaremuchmoreoftenhearer-new
in DLF-RE. This is partly dueto my restrictive assumptionsaboutthe audience(JohnDoe,
c.f. page137), partly to the fact that the news items report eventsfrom all over the world.
In DLF-RE, only definitesshow no significantcorrelationwith hearerold/new. Thepictureis
differentfor WBUR-LABNEWS: in thatcorpus,only indefinitesandpossessivesareusedmore
frequentlywith hearer-new discourseentitiesthanwith hearer-old ones.
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WBUR-LABNEWS

adjective NP PP relativeclause
total 12Í 12Í 18Í 5Í
first mention 24Í 15Í 19Í 8Í
hearernew 24Í 25Í 33Í 12Í

DLF-RE

adjective NP PP relativeclause
total 21Í 19Í 13Í 1Í
first mention 23Í 22Í 15Í 1Í
hearernew 26Í 23Í 19Í 1Í

Table6.19.Entity statusandmodifierusein radionews. total: baseline;firstmention:discourse
new; hearernew: unknown to hearer

Whennew discourseentitiesareanchored,they mostly occurwith a definiteor indefinite
article. In WBUR-LABNEWS, somenamesandbareNPsareanchoredaswell. Thenumbers
might suggestthat anchoringis not very frequentin the corpora. In particular, the editorsof
DLF-RE fail to anchordiscourse-new entitiesto discourse-oldones.But thisanalysisoverlooks
that discourse-new entitiescanalsobe anchoredin the hearer’s world knowledge.5 All news
actorsareintroducedwith modifiersthatdescribetheir(mostlypolitical) function.For example,
thenameof theDanishForeignSecretaryeludesmeat themoment,but I know thattheremust
besuchapersonin Denmark,andwhenI encounterthename“Uf fe Ellemann-Jensen”in DLF-
RE asamodifierof theNP“DanishForeignSecretary”,I canimmediatelyplacehim. Table6.19
documentsthat in both WBUR-LABNEWS andDLF-RE, modifiersareusedmorefrequently
for first mentionsthanfor subsequentmentions.Thereis a goodreasonfor this pattern: if a
new discoursereferentis not hearer-old, and if it is very difficult or impossibleto introduce
it via bridging, it makessenseto introducemodifierssuchasattributive NPs,adjectives,PPs,
andrelativeclauses,sincethey cancarryinformationwhichwill helptheaddresseeidentify the
discourseentity thatthereferringexpressionintroduces.

6.3.4 AccessingOld Entities

Weexpectto find threepatternsin ourdata:

1. The distancebetweenanaphoricdefinite referringexpressionsand their antecedentsis
largerthanthedistancebetweenanaphoricpronounsandtheir antecedents.In particular,
pronounsarepreferredintra-sententiallyandinter-sententiallyif theantecedentis in the
previoussentence,else,wegetdefinitedescriptions.This is thestandardpattern(c.f. e.g.
McCoy andStrube1999).

5I usetheterm“anchored”becauseit is a goodmetaphor;but it wouldalsobereasonableto reserveanchoring
for themorespecificoperationof “anchoringin discourse-oldinformation”.
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2. Personsaremorelikely to occurin co-specificationsequences,moresalient,andhence
morelikely to bereferredto by a pronounthanothersortalclasses.This patternis sug-
gestedby thenews factorPERSONALISATION —eventstendto bereportedastheactions
of persons—andATTRIBUTION—it is importantto haveélitesources,andto namethem.

3. Discourse-oldentitieswill tendto surfacein subjectpositionandas(possessive)genitive
adjuncts;they anchorthenew informationin asentenceto theprecedingdiscourse.

Wewill dealwith eachof thesethreehypothesesin turn.

Distanceto Last Mention: Ourfirst hypothesisis partiallyconfirmed:pronounspredominate
only whentheantecedentis in thesameunit; else,definites,names,andbareNPsareused,even
whentheantecedentis in the previoussentence.Table6.20presentsdetailedresultsfor defi-
nites,propernames,andpronouns.Butcontraryto whatwefind in theBROWN-COSPEC-corpus
(c.f. Table7.7), pronounsarerarely usedfor inter-sententialanaphora—thisis thedomainof
definitesandpropernames.Thepatternreflectsatendency thatwealreadyencounteredonpage
132ff.: Anaphoricdefinitesconvey new informationaboutthediscourseentitythey specify. We
thusget thecuriouscaseof anexpressionthat refersto somethingold—thediscourse-olddis-
courseentity—with “new” information. This shows very clearly that, just ase.g. Lambrecht
(1994)argued,Givennessshouldbeseparatedinto two dimensions,thegivennessof discourse
entities,which canbeseparatedin turn into identifiability andactivation,andthegivennessof
information.I will pursuethatpoint furtherin my concludingargumentsin Section8.2.

Table6.20alsoshows cleardifferencesbetweenthegenres.Theeditedreportsof WBUR-
LABNEWS comeclosestto thepatternsof BROWN-COSPEC asdocumentedin Appendix7.1.2.
AUDIX-4, theagency copy, alreadydeviatesfrom thispattern.Althougheverytext is aboutone
maintopic andalthoughthetexts areaslong asthosefrom WBUR-LABNEWS, thetexts have
lesspronouns.On readingthem,they appearto belesscoherent.Thereasonfor this is simple:
Thetextsareintendedasraw materialfor editors;toomuchpolishingwill beawasteof time if
your audiencewill only usearbitrarysnippetsof whatyou have written, anyway. Most of the
namesreferto personsandplaces(c.f. Table6.21).

Sortal Class: The datain Table6.21 largely confirm our secondhypothesis:Pronounsac-
countfor morethanhalf of all subsequentmentionsof peopleandphysicalobjects.This ten-
dency is farmorepronouncedin DLF-RE thanin WBUR-LABNEWS: Not only arebut 4 of all
68 referencesto abstractobjectsdiscourseold, but noneof them is realisedby a pronoun.
Discourse-oldpersons,on the other hand,are pronominalisedas frequentlyas in WBUR-
LABNEWS. Events,times,abstractconcepts,and institutionsaremostly referredback to by
definites. The resultson BROWN-COSPEC suggestthat the samepatternshold in academic
prose,althoughthesetexts canbe said to be “about” abstractconcepts,while news texts are
arguably“about” peopleandevents.

Syntax: Again, thedataconfirmour hypothesis.But thereis no syntacticpositionon which
eitherfirst mentionsor subsequentmentionshave a lock (Table6.22). In bothtexts, first men-
tionsdominatein objectpositionandasprepositionaladjuncts,while subsequentmentionsare
morelikely to besubjectsandgenitiveadjuncts.But thefirst mentionsin non-subjectposition
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WBUR-LABNEWS AUDIX-4
pronoun definite name total pronoun definite name total

sameunit 72Í 18Í 4Í 67 (29Í ) 83Í 11Í 9Í 18(16Í )
previousunit 35Í 15Í 36Í 75 (32Í ) 18Í 34Í 39Í 38(34Í )
beforeprev. unit 3Í 29Í 29Í 87 (38Í ) 7Í 52Í 32Í 57(50Í )

DLF-RE FFH/HR-RE

pron. definite name total pron. definite name. total
sameunit 88Í 6Í 6Í 32 (23Í ) 68Í 9Í 24Í 34(26Í )
previousunit 28Í 48Í 22Í 60 (43Í ) 14Í 50Í 32Í 66(51Í )
beforeprev. unit 2Í 67Í 24Í 49 (35Í ) 10Í 59Í 31Í 29(22Í )

Table 6.20. Distanceto lastmentionfor determinertypesandmodifiers.Percentagesarerela-
tive to therow totalsfor eachcorpus

WBUR-LABNEWS

person inst place time thing abstract event
Í discourse-old 53Í 53Í 41Í 7Í 37Í 33Í 7Í
Í pronouns 48Í 11Í 0Í 0Í 53Í 27Í 0Í
Í definites 15Í 35Í 0Í 100Í 20Í 42Í 100Í
Í names 23Í 16Í 86Í 0Í 0Í 6Í 0Í
DLF-RE

person inst place time thing abstract event
Í discourse-old 41Í 18Í 9Í 5Í 8Í 6Í 12Í
Í pronouns 48Í 22Í 0Í 0Í 50Í 0Í 27Í
Í definites 26Í 68Í 29Í 100Í 50Í 72Í 73Í
Í names 26Í 11Í 71Í 0Í 0Í 0Í 0Í

Table6.21.Effectof sortalclasson theform of discourse-oldreferringexpression.Percentage
of mentionswhich arediscourse-old,andthepercentageof discourse-oldmentionswhich are
realisedby apronoun,adefiniteNP, or aname.
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WBUR-LABNEWS

subject obj. prep.obj. prep.adj. gen.adj. total
first mention 48Í 71Í 83Í 73Í 25Í 59Í
subsequentmention 52Í 29Í 17Í 27Í 75Í 41Í
DLF-RE

subject obj. prep.obj. prep.adj. gen.adj. total
first mention 71Í 95Í 88Í 93Í 32Í 82Í
subsequentmention 29Í 5Í 13Í 7Í 68Í 18Í

Table6.22.Distributionof first vs. subsequentmentionsacrosssyntacticpositions

WBUR-LABNEWS

subject obj. prep.obj. prep.adj. gen.adj.
tracking 54Í 29Í 28Í 17Í 38Í
deadend 46Í 71Í 72Í 83Í 63Í
DLF-RE

subject obj. prep.obj. prep.adj. gen.adj.
tracking 28Í 10Í 4Í 8Í 8Í
deadend 72Í 90Í 96Í 92Í 92Í

Table 6.23.Distribution of first mentionsacrosssyntacticpositions:deadend(mentionedonly
once)vs. tracking(startof a co-specificationsequence)

arerarelytakenupagainanaphorically. Table6.23showsthatfirst mentionsin subjectposition
aremorelikely to starta new co-specificationsequencethanthosein otherpositions. In fact
57Í of all co-specificationsequencesin DLF-RE begin with a referringexpressionin subject
position;for WBUR-LABNEWS, this figureis 51Í . Thenext mostpopularpositionsfor start-
ing a new sequenceareprepositionalobjectsfor DLF-RE (24Í ) anddirect andprepositional
objectsfor WBUR-LABNEWS (each16Í ).

6.3.5 How Useful areDetailedTaxonomies?

In Sections6.3.3and6.3.4,we have reliedmainly on aspectsof entity statuswhich areeasyto
operationalise:first mentionvs. subsequentmention,distanceto lastmention,andanchoring.
In this section,we explore the associationbetweenmore complex measuresof entity status
andthe form of a referringexpression.Fromnow on, I will focuson WBUR-LABNEWS and
DLF-RE, the two corporawhich wereannotatedin greaterdetail becausefull prosodiclabels
areavailablefor both.

Thecentralquestionis: To whatextentcantheform of a referringexpressionbepredicted
from the statusof the underlyingdiscourseentity? To make the statisticalanalysiseasier, I
collatedthedifferentvariablesusedsofar to characterisetheform of areferringexpressioninto
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TI REF UI FA AC IF

WBUR-LABNEWS 19Í 5Í 26Í 17Í 13Í 20Í
DLF-RE 13Í 12Í 33Í 24Í 12Í 6Í

Table6.24.Frequency of GivennessHierarchycategories(c.f. Table4.5)

STAT3 new med old
STAT4 BN AC U A
SOURCE BU BA SIT FRAME PART VAL ISA SET EVENT INF U AC

WBUR-LABNEWS

9.5Î 15.0Î 4Î 10.0Î 0.5Î 0.0Î 0.5Î 4.2Î 1Î 0.5Î 13Î 41Î
DLF-RE

35Î 5Î 3Î 11Î 0.5Î 1Î 0.5Î 0.0Î 1Î 3Î 22Î 18Î

Table6.25.Frequency of categoriesfrom source-basedscheme,c.f. Section5.2.2

onemetavariableFORM with five values:BARE for bareNP, PRO for a pronoun,DEF for the
definitearticle, INDEF for theindefinitearticle,andPN for all propernames.

Thissectionis structuredasfollows: Finally, I investigatewhetheroneof thesetaxonomies
of entity status,togetherwith someinformationaboutthesemanticsof thediscourseentity, is
sufficient to predicttheform of referringexpressions.

First, let usexaminehow thedistributionof thethecategoriesof themorefine-grainedtax-
onomiesdiffer in the two corpora. With respectto Givennessasmeasuredby the Givenness
Hierarchy, thetwo corporaWBUR-LABNEWS andDLF-RE differ in two mainaspects:DLF-
RE hasmore referring expressionswhich specify uniquely identifiableor familiar discourse
entities,while in WBUR-LABNEWS, more discourseentitiesare in focus (c.f. Table6.24).
Again, this reflectsthefact that the two corporacomefrom differentgenres:on onehand,we
have long reports,or Berichte, in Bucher’s (1986)terms,on theotherhand,pureinformation
(Meldungen). This differencebecomesevenclearerwhenwe look at thefrequency of thecat-
egoriesin thesource-basedscheme(Table6.25): DLF-RE containsfar morereferencesto (as
yet) unusedentitiesandto brand-new unanchoredonesthanWBUR-LABNEWS. Thedetailed
subcategorisationof inferrablesappearsunnecessary, at leastfor newstextswhichcoverabroad
rangeof topics:In bothcorpora,frame-basedinferencesdominateby far.

Beforewemoveon to significancetesting,let usfirst look atsomequantitativemeasuresof
thestrengthof theassociationbetweendifferenttaxonomiesof entitystatusandFORM. For this
purpose,we will use Ï max andGoodmanandKruskal’s Ð , which aredescribedin Appendix
B.4. TherelevantresultsaresummarisedonTable6.26.

The Ð values(Eq. B.14)allow usto comparehow muchof thevariationin form is explained
by entity status.Althoughnoneof thetaxonomiesis perfect,theGivennessHierarchyemerges
asa clearwinner. In bothcorpora,its Ð -valueis largest. In WBUR-LABNEWS, SOURCE and
KDIST explain similar amountsof variation—eventhoughSOURCE is far morecomplex. For
DLF-RE, theperformanceof KDIST is roughlyequivalentto thatof STAT4, thereducedversion
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SOURCE STAT4 STAT3 DISC HEAR KDIST GHIER

WBUR-LABNEWS Ñ max 0.22 0.20 0.22 0.39 0.26 0.30 0.28
54Î 15Î 11Î 10Î 6Î 22Î 36ÎÒ 0.103 0.068 0.055 0.016 0.040 0.114 0.169

DLF-RE Ñ max 0.20 0.25 0.24 0.38 0.37 0.37 0.36
49Î 18Î 12Î 9Î 9Î 28Î 45ÎÒ 0.115 0.071 0.050 0.035 0.044 0.077 0.236

Table 6.26. Associationbetweentaxonomiesandform of referringexpressions.For Ï max, I
bothgivetheabsolutevalueandthevaluein percentof thehighestpossibleÏ for thatcombina-
tion of categories

of SOURCE. Of thetwo dichotomiesHEAR andDISC, HEAR hasthegreaterexplanatorypower.

Ï maxmeasuresto whatdegreewecouldclaimthatentitystatusis thecauseof theparticular
form observed. Theconnectionsarestrongestfor the two mostdetailedtaxonomies,SOURCE

and GHIER. They are followed by KDIST, a variablewhich, as I have arguedin section5.3,
measuresstructuralentity status.Theothertaxonomiesarefar lesspowerful.

Ð and Ï max provide two differentperspectiveson the strengthof theassociationbetween
form of referring expressionand entity status. Generalisedlinear modelsoffer yet another
testof predictive power: How well doesentity statuspredictspecificaspectsof form, andcan
additionalinformationaboutthesemanticsof thediscourseentity improvethatprediction?The
methodologyis similar to that in Section7.2.1: Startingwith a pool of predictorfeatures,in
eachstep,we addthatpredictorto themodelwhich improvesthemodelmost. Thequality of
themodelis measuredby AIC (An InformationCriterion),whichtakesinto accountbothmodel
sizeandmodelfit; thesmallertheAIC, thebetter. Wekeepaddingthepredictorwhich reduces
AIC by the largestamountuntil eitherno predictorcan improve AIC or all predictorshave
beenused.Thisprocedureis calledstepwiseforward selection. For moreonlogisticregression,
consultAppendixB. Thebasicsetof predictorsusedhereconsistsof thethreesemanticfeatures
SEM , CNT, andGEN plusdistancefrom lastmention(KDIST). For eachof thesix taxonomies
DISC, HEAR, STAT3, STAT4, GHIER, andSOURCE, I addedthe taxonomyto thebasesetand
ran stepwiseforward selection.The methodologyis appliedto threetasks:decidingwhether
a referringexpressionshouldbe realisedasa pronoun,decidingwhetherit shouldbe realised
with adefinitedeterminer, andfinally, decidingwhetherit shouldberealisedasa bareNP.

We begin with pronominalisation.As we have seenin Chapter4, mostargumentsin the
debatesaboutgivennessandmostapplicationsin anaphoraresolutionandgenerationfocuson
theseforms. I will explore constraintson pronominalisationin moredetail in Chapter7. In
thatstudy, entity statusis operationalisedasdistancefrom lastmention,andsortalclassis the
only semanticinformationaboutdiscourseentitiesthatwascodedin thecorpus.Bothdecisions
were motivatedby methodologicalconsiderations:distanceis the most reliable measureof
entity statusthereis, andsortalclasscanbeannotatedreliably if anexternalknowledgesource
is usedthat suppliesthe relevantontologicalinformation. On the radio news data,I examine
whetherthesedecisionscan also be justified empirically. For both WBUR-LABNEWS and
DLF-RE, only GHIER and KDIST were includedin any of the final model formulae. DISC,
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WBUR-LABNEWS

model AIC after including feature
formula AIC KDIST tax. CNT SEM GEN

default AIC = 484.59
KDIST only KDIST + CNT + SEM 292.82 306.43 n.a. 296.52 292.82 no
KDIST and Ó;Ó;Ó
GHIER GHIER + KDIST + CNT + SEM 266.85 276.83 303.83 269.02 266.85 no

DLF-RE

model AIC after including feature
formula AIC KDIST tax. CNT SEM GEN

default AIC = 369.1
KDIST only KDIST + CNT + SEM + GEN 125.77 151.63 143.17 129.10 125.77 no
KDIST and Ó;Ó;Ó
GHIER KDIST + GHIER + CNT + SEM 115.18 151.63 136.42 122.93 115.18 no

Table 6.27. Pronominalisationin radionews: predictive power of semanticfeatures,distance,
andqualitativetaxonomiesof entity status.italics: lastfactorto beincluded,final AIC

HEAR, STAT4, STAT3, andSOURCE all yieldeda higherAIC thanKDIST in thefirst selection
step,andonceKDIST hadbeenincludedin the model,the variablesarenot neededanymore.
The only exceptionis DISC, corpusDLF-RE, which is includedin the modelPRO Ô KDIST

+ CNT + SEM + GEN + DISC, andreducesthe AIC from 125.77to 125.70. Table6.27gives
moredetailsaboutthemodelswith KDIST andGHIER. It shows thatforwardselectionchooses
roughlythesamevariablesin thesamesequenceon bothcorpora.But on WBUR-LABNEWS,
theresultingmodelsaccountfor lessvariation:thebestmodelalmosthalvestheAIC, while on
DLF-RE, thebestmodelreducesAIC by two thirds.

Fromtheseresults,wecandraw two conclusions:First entity statusis thekey to predicting
pronouns;additionalsemanticinformationaboutthediscourseentity doesnot greatlyimprove
performanceoncewe know its status. Second,in order to predictwhetheran entity will be
pronominalised,we needto describedifferencesin the statusof entitieswhich have already
beenintroducedinto thediscourse.This is whatboththeGivennessHierarchy(GHIER) andthe
distancemeasure(KDIST) do, andit is the reasonwhy they aresosuccessfulon thepronomi-
nalisationtask. But whathappenswhenwe want to predictotheraspectsof form, suchasthe
presenceof a determiner, or whetherspeakerswill usea definitedescription,or whetherthey
will useanindefinite?

With regard to definites (Table 6.28), DLF-RE exhibits more variation than WBUR-
LABNEWS: theAIC of thebasicmodel(predictdefault) is 687.73for theAmerican,but 1093.1
for the Germandata. On WBUR-LABNEWS, neithersemanticinformationnor entity status
accountfor muchof thatvariation: thelargestreductionof theAIC we get is around10Í . On
theDLF-RE corpus,however, we canmanageto reducetheoriginal AIC by roughly20Í , and
thekey to this is, again,theGivennessHierarchy. As with pronominalisation,thesemanticsof
thediscourseentity is lessimportant.
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WBUR-LABNEWS

model AIC after including feature
formula AIC KDIST tax. SEM CNT GEN

default AIC = 687.73
KDIST only SEM + CNT + GEN + KDIST 635.07 635.07 n.a. 663.59 644.72 638.48
KDIST and Ó;Ó;Ó
GHIER GHIER + CNT + SEM + GEN + KDIST 608.3 608.3 654.14 608.74 623.17 608.45

DLF-RE

model AIC after including feature
formula AIC KDIST tax. CNT SEM GEN

default AIC = 1093.1
KDIST only KDIST + CNT + SEM + GEN 1041.27 1061.8 n.a. 1041.27 1044.5 1041.5
KDIST and Ó;Ó;Ó
GHIER GHIER + SEM + CNT + KDIST + GEN 850.24 850.79 916.19 857.45 865.68 850.24

Table6.28.Definitedescriptionsin radionews: predictivepowerof semanticfeatures,distance,
andqualitativetaxonomiesof entity status.italics: lastfactorto beincluded,final AIC

For bareNPs(c.f. Table6.29),this is different: here,themostimportantfeatureis almost
alwaysCNT, countability. Thebesttaxonomyis, again,theGivennessHierarchy, which yields
the mostparsimoniousmodelon both corpora: BARE Ô GHIER + CNT. Again, on DLF-RE,
this modelexplainsfarmorevariationthanon WBUR-LABNEWS: althoughbothcorporastart
with thesameAIC for thedefault model,thecombinationof GHIER + CNT managesto reduce
theAIC by a third on DLF-RE, andby a fourthon WBUR-LABNEWS.

In orderto determinewhich categorieson theGivennessHierarchyaremainly responsible
for its performance,I inspectedthecoefficientsof thefitted models.Themostimportantcate-
goriesareon onehand“active” (AC) and“in focus” (IF), on theotherhand“referential” (REF)
and“type identifiable” (TI). The first two categoriesareevidenceagainstdefinitesandbare
NPs,while thesecondtwo tendto point to bareNPs,but rule outdefiniteNPs.

Summary: The resultsI have presentedin this sectionall point to one conclusion: when
predictingthe form of a referringexpression,it is moreimportanthow accessibleor salienta
discourseentity is thanwherethis accessibilitycomesfrom. This confirmstheclaimsof Ariel
(1990).Distancefrom lastmentionis agoodmeasureof thisaccessibility, but it is severelylim-
ited in onerespect:it doesnotcategorisediscourse-new entitiesfurther. But suchcategoriesare
necessary, aswell: That is themain messageof theperformanceincreasesthat theGivenness
Hierarchyyieldedacrosstheboard.In particular, it appearsimportantto distinguishexpressions
whicharereferentialor merelyidentify a typefrom thosewhosereferentcanbeuniquelyiden-
tified. To put it moredrastically, the GivennessHierarchyperformsso well becauseit lumps
identifiability andaccessibilitytogether. And thesearethetwo maininfluenceson theform of
referringexpressionsthatChafe(1994)hasidentified.

But entity statusdoesnot tell the whole story. This is the messageof the AIC values:A
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WBUR-LABNEWS

model AIC after including feature
formula AIC KDIST tax. SEM CNT GEN

default AIC = 695.97
KDIST only CNT + KDIST + SEM + GEN 551.76 561.72 n.a. 558.36 603.79 551.76
KDIST and Ó;Ó;Ó
GHIER CNT + GHIER 530.37 no 530.37 no 603.79 no
SOURCE CNT + KDIST + SOURCE + GEN 542.18 561.72 542.8 no 603.79 542.18

STAT4 CNT + KDIST + STAT4 + GEN + SEM 547.34 561.72 551.26 603.79 547.34 550.29
DISC CNT + KDIST + SEM + GEN + DISC 549.22 561.72 549.22 558.36 603.79 551.76

DLF-RE

model AIC after including feature
formula AIC KDIST tax. CNT SEM GEN

default AIC = 681.23
KDIST only CNT + KDIST + GEN 551.14 555.70 n.a. 584.39 no 551.14
KDIST and Ó;Ó;Ó
GHIER GHIER + CNT 434.45 no 477.69 434.45 no no
STAT4 CNT + STAT4 + GEN 543.18 no 548.93 584.39 no 543.18
STAT3 CNT + KDIST + STAT3 + GEN 543.48 555.70 549.56 584.39 no 543.48

Table 6.29. Bare NPs in radio news: predictive power of semanticfeatures,distance,and
qualitative taxonomiesof entity status.italics: lastfactorto beincluded,final AIC
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sizeableamountof the variationcould not be explainedby selectedsemanticinformationor
by a judiciously chosentaxonomyof entity status.In particular, muchof the variationin the
distribution of definite descriptionsis not accountedfor. This shows how importantit is to
considerotherfactorsthancognitive processing.For radio news, I would suggesttwo genre-
specificpressures:thepressureto cramasmuchaspossibleinto asfew wordsasfeasible,and
acompletelyunjustifieddesireto avoid repetitions.

Finally, a word of warning about the validity of theseresults: I did not have accessto
trainingmaterialfor theannotationof theGivennessHierarchy. Thereforemy interpretationof
the categoriesmight not alwaysagreewith that of (Gundelet al. 1993),andwhenin doubt,
I wascertainlyinfluencedby their previous resultsaspresentedin their paper. Second,many
of thecells in the logistic regressionmodelsreportedin this sectionwereempty. This always
causesnumericalproblems,especiallyif the amountof datais assmall as it is here. These
numericalproblemsaffect the forward selectionresults,in particularwhenthe modelalready
containstwo factors,anda third andfourth factorhasto beadded.I decidedagainstexplicitly
specifyingwhich cellscouldbeexpectedto remainemptyin thecontingency tables.Sincethe
analysespresentedherearelargely exploratory, I did not wantmy linguistic prejudicesto bias
theanalysistoomuch.

6.4 Qualitati veAnalyses

In this section,I approachthetexts from a completelydifferentmethodologicalangle:Instead
of gatheringstatistics,I give detailedanalysesof five texts. A setof four texts (Section6.4.1)
comesfrom DLF-RE. I chosethe Germantexts becauseI am far more familiar with their
contentandcontext thanwith thatof theWBUR-LABNEWS texts,whichareheavily decontex-
tualised.The analysiscentreson the role of referringexpressionsin radio news, revisiting in
detailsomeinterestingpatternsthathaveonly beenalludedto in themaintext.

Thefifth one(Section6.4.3)is ashortnewsreportwhichhasbeenanalysedin detailby van
Dijk (1985a)on thebasisof hisapproachto text structure.

6.4.1 German Radio News

Two Dayton Stories

ThroughoutNovember21,1995,thewar in Bosniadominatedthenews. Theaudienceof DLF
werekeptupto dateonthelatestdevelopmentsin theDaytonpeaceconference.Thewholeday,
conflictingstatementsandassessmentspouredin, all concerningthequestion:Will thetalksbe
continuedor not? Thefirst story, given in Figure6.4,explainsthesituation,while thesecond
story, reproducedin Figure6.5,reportson reactionsof Germanpoliticians.

Thefirst storyis news becauseit concernsa turningpoint in a conflict thathadbeenrich in
personaldrama(NEGATIVITY, PERSONALISATION) andthathadcapturedthe interestof both
pressandaudiencefor four yearsalready(CONTINUITY, RELEVANCE). This conflict wasin
Europe(PROXIMITY), andthe crucial event is unfolding asthe day goesby (RECENCY). Its
topic is theUS ultimatumto theDaytondelegates,but that topic is never expressedexplicitly
by a NP. Instead,it surfacesasthefirst sentence,theleadsentence.Sentencetopicsarealmost
impossibleto identify; thenews itemappearsasasuccessionof all-new sentences.
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Thesecondstoryis in asenseCO-OPTED by thefirst. It reportsonhow two prominentpoliti-
cians,then-chancellorKohlandthesocialdemocrats’internationalaffairsexpertVerheugen,see
the currentsituation. Both areELITE politicians,andcanbe supposedto representthe views
of their party(ATTRIBUTION). Thetopic of thatstory is “reactionsfrom Germanpoliticiansto
theDaytonsituation”,but thattopic is never madeexplicit. Faithful news listenerscanreadily
identify thattypeof item,whichZehrt(1996)calls“Bonner” Meldung(official newsitem),and
which consistsof reportingwho saidwhat on topic. Whenwe analysewhat eachsentenceis
about,therearetwo alternatives. If we pursuethe strandwhich consistsof the commentson
theDaytonpeacetalks, thenthe main contextual link of the first two sentencesis the Dayton
conference,the third introducesa new topic (a solution of the problemsthat only considers
Bosnia),andthefourth sentencetakesup that topic in theNP “ein derartigerFrieden”(such a
peace; a peacebasedon sucha solutionof the problems).If we pursuethe strand“who said
what”, thenthefirst andthird sentencesintroducenew topics(Kohl resp. Verheugen)andthe
secondandfourth continuethesetopics.

In bothtexts,it is madeveryclearthatthey reportstatementsby others.Thesecondsentence
in the first story is in pastconjunctive, a sign of reportedspeech,andin the secondstory all
mainclausescontaineitherafull verbfrom thelexical field of sayingor anequivalentidiomatic
prepositionalphrase(“nach seinenWorten”, in his words). This leadsto somewhat long and
convolutedsentences.

After thesemoregeneralstylisticcomments,let usnow turnto entitystatus.Bothtextshave
stronginter-textual links: They follow eachotherimmediatelyin thepresentation,thesecond
text commentsonthefactsreportedin thefirst one.TheNPs“der Bosnienkonferenzin Dayton”
(theBosniaconferencein Dayton) and“der Verhandlungenin Dayton” (thetalksin Dayton) in
thefirst sentencesof eachtext arebothdifficult to understandwithout theconnectionto other
newstexts thattheaudiencehaveseenin theweeksandmonthsbefore.Theanaphoricdefinites
in subsequentsentencesareoftensynonyms,suchas“der DelegationenausBosnien,Kroatien
undSerbien”(thedelegationsfromBosnia,Croatia,andSerbia) ¨�¨�¨ “die VertreterderKonflik-
tparteien”(therepresentativesof thewarring parties) in thefirst text, or “der Verhandlungenin
Dayton” (thetalksin Dayton) ¨�¨¤¨ “die Konferenz”(theconference) in thesecondtext.

In the last sentenceof the first text we even find an interestingpronominalanaphor. The
“sie” (they) canboth refer backto the delegatesandto the Americanmediators.The second
interpretationis reinforcedby parallelism(two subjectNPs), the first by recency (the object
NP comeslater in the sentencethan the subjectNP). The ambiguity is only resolved in the
remainderof thesentence.It would not make senseto leave theAmericanmediatorsalonein
orderto clarify openquestions.On theotherhand,thetwo possessive pronounsin thesecond
text arerelatively easyto resolve—bothreferto thecurrentmainnewsactor.

Whatconsequencesdo theseobservationshave for entity status?Thediscourseentitiesare
certainlynotcentralto thestructureof thenewstexts. In orderto understandthesetextslisteners
needknowledgeaboutnews schemata,in particularabouttypesof news items.They alsoneed
backgroundknowledgeaboutcurrentaffairs; this helpsthemconstructthe initial descriptions
of the discourseentities. Listenersalsoneedthat knowledgewhenaccessingold entities,or
they wouldnotbeableto decipherthesynonymsor resolveambiguouspronouns.
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1. Die USA habender Bosnienkonferenzin Dayton eine neueFrist bis zum Nachmittag
gesetzt.6

2. Solltebis sechzehnUhr Mitteleurop̈aischerZeit eineEinigungnicht erzieltsein,würden
die Gespr̈achederDelegationenausBosnien,KroatienundSerbienformell beendet.7

3. Weiter hiesses,die amerikanischenVermittler hättendie Vertreterder Konfliktparteien
am Verhandlungsortallein zurückgelassen,in der Hoffnung, dasssie untereinanderdie
letztenstrittigenFragenklärenkönnten.8

Figure6.4.War in Bosnia:theU.S.Ultimatum.November21,12:00,story1

1. BundeskanzlerKohl hat vor denKonsequenzeneinesScheiternsder Verhandlungenin
Daytongewarnt.9

2. In Singapur, der letztenStationseinerAsienreise,sagteder Kanzlervor demRückflug
nachDeutschland,eswärefatal, falls die Konferenznicht zu einerpositiven Regelung
kommensollte.10

3. DeraußenpolitischeSprecherderSPDBundestagsfraktion,Verheugen,vertratheutefrüh
im DeutschlandfunkdieAnsicht,esreichenichtaus,in DaytoneineLösungderProbleme
zufinden,diesichausschließlichaufBosnienbeziehe.11

4. Ein derartigerFriedenwärenachseinenWorteninstabil.12

Figure6.5. War in Bosnia:Commentsof Germanpoliticians.November21,12:00,story2
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6.4.2 Two Rau Stories

In contrastto the two Daytonstoriesdiscussedin the last section,the storiesin Fig. 6.6 and
6.7 areabouta person,not aboutcertainevents. Both storiesstring togethertwo apparently
disparatenews item:

© A certainMr Horstmannhasbeennamedas a new secretaryof statein North Rhine
Westphalia(NRW),

© in theaftermathof arecentleadershipcrisisin theSocialDemocraticParty, JohannesRau
affirms thathewill not leavepolitics.

In the first text the first story predominates.Although the secondnews item alsoreports
on Horstmann’s appointment,theemphasisis on Rau.His commentsaresetin a new context,
thatof thecurrentleadershipcrisis in theSocialDemocraticParty. Oneof themainstoriesof
thedayis thevoteof confidencethatRudolf Scharping,thenleaderof theSocialDemocratsin
parliament,andnow Secretaryof Statefor Defence,hasaskedfrom hiscolleagues.Whatkeeps
bothnews itemstogetheris themainprotagonist,JohannesRau.

In thefirst text Rauis introducedas“Ministerpräsident”(primeminister)aftertheleadhas
statedthe main news. In that lead,the function comesfirst, followedby the personwho will
fill it. The secondsentencestatesthe source,Rau,while the third andfourth sentencesgive
backgroundinformation:Whowasthepredecessor?Why did thepostbecomefree?Whenwill
the changetake place?So far, the item hasfollowed theclassicalnews schema.But then,in
thefifth sentence,thetraditionalschemais broken: thestoryreportsRau’sanswerto aquestion
thatmusthavebeenputat thepressconferencewherehemadeHorstmann’snominationpublic,
a questionthatchallengeshim to commenton theconsequencesthat thecurrentturmoil in the
SocialDemocrats’leadershipwill have for him.

The lead of the secondtext focuseson Rau’s reactionto that turmoil: He will dedicate
himself to governingof his Bundeslandnow thathis positionin federalpolitics hasweakened.
This part of the news item againshows the classicalstructure: the lead (what Rau plansto
do next), how that transpired(he saidso beforejournalists),followed by onemoresentence
of Rau’s opinionsanda backgroundsentence.The news aboutthe new secretaryof stateis
relegatedto thefinal third of thestory, andwherethefirst news item connectedRau’s reaction
to thenamingof Horstmannby a “Zugleich” (on thesameoccasion),in this item,thetwo parts
aresimply concatenated.The structureis alsoslightly permutedwith respectto the classical
schema. First comesthe source,Rau, then the news, appointmentof Horstmann,then the
background(whatwill happento Müntefering,why did thepositionbecomefree?)

Thereferringexpressionsin bothstoriesshow patternsthataretypical for radionews. News
actorstendto be introducedtogetherwith their function. If they have several functions,jour-
nalistsprefer that which is most pertinentto the currentcontext. This explains why Rau is
referredto as“Ministerpräsident”throughoutthefirst story, which startedasa reportaboutan
appointmenthemadein his functionasprimeministerof aBundesland, whereasin thesecond
story, heis introducedasvice presidentof theSocialDemocraticParty (SPD).In thefifth sen-
tenceof thatstory, whenthefocusswitchesto theappointmentof Horstmann,Rauis referredto
as“DüsseldorferRegierungschef”, leaderof thegovernmentin Düsseldorf, where,asall adult
Germansshouldknow, thegovernmentof North RhineWestphaliais located.ThedefiniteNP
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is not only a welcomesynonym, it alsohighlightsthe functionof JohannesRauthatbecomes
relevantto thestorynow.

Of thesix pronounsthatoccurin thetwo texts, two arepossessives,andfour personalpro-
nouns.Both possessiveshave intra-sentential,subjectantecedents.Threeof thefour pronouns
occurin reportedspeech,in subjectposition,andreferto thespeaker, Rau,whois alsothemain
topic of the story. The last pronoun,which occursat the startof the last sentence,is some-
whatmoredifficult to resolve. It doesnot refer to Rau,the old topic, but to Horstmann.The
discourseentity correspondingto Horstmannwasintroducedin theprevioussentence,andit is
highlightedby themarkedwordorder(predicatebeforesubject).

Theanaphoricdefinitesin thesestoriestendto compressmuchinformationinto thespace
of a few words. For example, in both stories,all relevant information aboutMüntefering,
Horstmann’s predecessor, is packed into oneNP followedby a relative clause.Otherentities
thatareevokedfrequently, be it directly or indirectly, aretheMinistry of Labour, Health,and
SocialIssues(first text), andtheSocialDemocraticParty (SPD).In bothcases,I did notassign
co-specificationsequencesto the mentionsof theseentities,becausemostof thesementions
areindirect. In thesecondtext, theSPDis mentionedtwice aspartof a compound(sentences
1 and6), once,it hasbeenelided(the“MannheimerParteitag”(Mannheimparty convention),
sentence4, is obviously the party conventionof the SPD),onceit is referredto by the setof
its members(“die Sozialdemokraten”(theSocialDemocrats), sentence1), andonly onceasa
party (“der SPD”, sentence3). The sequenceof allusionsto the Ministry is even morecom-
plex. Firstly, in sentence1, it is evokedby anNP that refersto the functionof its incumbent,
then,in sentencethree,it is evokedaspartof a compound(“Ressort-” in “Ressortchef” head
of department), andfinally, in sentence4, it is referredto by anuniquelyidentifyingname(that
is, uniquelyidentifying onceyou know that theLandwhich is evokedby thecompoundis the
NRW). Listenershave to know aboutthesemannerisms,else,it will be almostimpossibleto
follow thenews.

6.4.3 The Gemayel Text

In this section,I focus on a longer text that hasalreadybeenanalysedfor macrostructural
boundariesby (vanDijk 1985a).Theaim of theanalysisis to describehow discourseentities
aremaintainedthroughoutlongerstretchesof text, andto determinehow centralthediscourse
entitiesare.Thecompletetext is reproducedin AppendixA.1.

In my analysisof theGemayeltext, I will first addresssomeproblemswith identifying re-
ferringexpressions.Then,I concentrateontheform of subsequentmentions,andfinally, I focus
on theinterplaybetweenco-specificationsequencesandthesuperstructureof thediscourse,as
identifiedby vanDijk (1985a).

Identifying Referring Expressions: Thetext illustratesquitenicely four commonproblems
with assigningreferringexpressions:times,coordinations,predicates,andidioms.

First,many dateshavebeenlabelledasreferringexpressions,althoughit is hardto imagine
a continuationthatrefersbackto thesedatesby a personalpronoun.In theSortalClasslabels
definedin AppendixC, all of theseNPswould be classifiedasTimes,andTimesasa class
rarelyget referredbackto by NPsor pronouns.RegardingcoordinationsI followedtheMUC
guidelines(HirschmanandChinchor1997): If thecoordinatedNPsbelongto co-specification
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1. NeuerMinister für Arbeit, Gesundheitund Sozialesin Nordrhein-Westfalen wird der
SPD-PolitikerHorstmann.13

2. Diesteilte Ministerpr̈asidentRauheutein Düsseldorfvor Journalistenmit.14

3. Damit tritt der einundvierzigj̈ahrige Horstmann die Nachfolge des bisherigen
RessortchefsMünteferingan, der dasAmt desSPD-Bundesgeschäftsführersübernom-
menhat.15

4. Deroffizielle Wechselim Landesarbeitsministeriumwird nachAngabenvonRauvermut-
lich in dernächstenWochevollzogen.16

5. Zugleichtrat derMinisterpr̈asidentallenSpekulationen̈uberseinenmöglichenRückzug
aufRatenausderPolitik entgegen.17

6. Raubekr̈aftigte,er werdesichauf demnächstenParteitagwiederum dasAmt desSPD-
Landesvorsitzendenin Nordrhein-Westfalenbewerben.18

Figure 6.6. New Secretaryof Statein NorthrhineWestphalianamed.November21, story 5,
13:30

1. Nach dem Führungswechselbei den Sozialdemokratenwill sich der stellvertretende
SPD-VorsitzendeRauauf seinMinisterpr̈asidentenamtin Nordrhein-Westfalenkonzen-
trieren.19

2. Rauwies heutein Düsseldorfvor Journalistenalle Spekulationenzurück, er wolle sich
allmählichausderPolitik zurückziehen.20

3. Im übrigenhalteer seineStellungin derSPDnicht für gef̈ahrdet.21

4. Auf demMannheimerParteitaghatteRaubei seinerWiederwahl zum stellvertretenden
Vorsitzendenlediglich achtzigProzentderStimmenerhalten.22

5. DerDüsseldorferRegierungschefteiltemit, neuerLandesministerfür Arbeit, Gesundheit
undSozialeswerdedereinundvierzigj̈ahrigePolitikerHorstmann.23

6. Er ist damitNachfolgerdesbisherigenRessortchefsMüntefering,derdasAmt desSPD-
Bundesgescḧaftsführersübernommenhat.24

Figure6.7.Rauwill not leavepolitics. November21,story5, 14:30
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sequencesthemselvesthey aremarkedasseparatereferringexpressions,else,only thecoordina-
tion itself is marked.Thefirst caseis illustratedin paragraph(14),whereonly thecoordination
is marked,thesecondin paragraph(18),whereBegin andDraperaremarkedseparately.

In contrastto themostrecentversionof theMUC guidelinesI did not labelpredicatingNPs
asreferringexpressions.For example,in paragraph(5) theNP“Lebanon’spresident”refersto a
functionthatBashirGemayelcouldhaveheld,hadhelivedninemoredays.To metheprimary
function of this NP is to predicatea potentialfunction of Gemayel,not to refer to oneof the
constitutionallyfixed positionsin Lebanesesociety. The NP “a personelectedpresident”in
paragraph(6) is aborderlinecase:on onereadingit canbesaidto betypeidentifiable,because
it refersto thesetof all peoplewho haveever beenelectedpresidentof Lebanon.On theother
reading,it singlesout Gemayel,becauseof all president-electsof Lebanon,hewasthefirst to
beassassinated.On thatreading,theNPpredicatesanew propertyof Gemayel.Anothertricky
casearenominalisedidioms. The collocation“in fear”, paragraph(7), wasnot labelledasa
referringexpression,becauseit appearshighly idiomatic to me. On the otherhand,although
“raised fears” in paragraph(5) is also a highly stereotypicalcollocate,I labelled“fears” as
referring,becauseit is theobjectof “raise”.

Tracking DiscourseEntities: The co-specificationsequencesin the story show a number
of interestingpatterns.Table6.30protocolsall sequencesby paragraphnumber. The central
entity is clearlyBashirGemayel,theassassinatedmanhimself,andhis deathandassassination
arerecurringthemes.In thelastparagraphstwo othercentralentitiessurface:MenachemBegin
andYasserArafat. IsraelandLebanon,two countries,alsobecomemoreprominentin the last
paragraphs,but in thesesentences,they appearasagentsandpatients,notaslocations.

Table6.31 protocolsthe form of referringexpressionsfor all discourseentitiesthat were
mentionedmorethanonce.For eachreferringexpression,I determinedits form (pronoun,def-
inite, indefinite,propername,other),whethertherewerenominalor adjectival pre-modifiers,
andwhetherprepositionalphrasesoccurredaspost-modifiers.A referringexpressionwasla-
belleddefiniteif eitherthedefinitedetermineror agenitiveoccurredin determinerposition.

News makerstendto beintroducedwith their full nameandfunction;hencethefiveproper
nameswith prenominalmodifiersthatoccurasfirst mentions(c.f. Table6.31). The definites
concernevents,suchasGemayel’s death,his assassination,andthe news of his death. Some
discourseentitiesonly surfacesporadicallyin the text, suchas the city of Jerusalem.It is
only mentionedasthecommandbasefor high-rankingIsraeliofficials. In termsof a statistical
model the presence(or rather: the first mention)of any Israeli official shouldpredicta men-
tion of Jerusalem,just asany mentionof a statementby anU.S.presidentshouldincreasethe
probability of the White Houseor Washingtonbeingmentioned.Theseprobabilitiesencode
journalisticconventions.

News actorsaremostly referredbackto by their namesor by pronouns.Four of the ten
anaphoricpronounshave their antecedentin theprecedingsentencefrom thesameparagraph,
all othershave intra-sententialantecedents.In thefirst third of thetext, roughlyup until para-
graph(6), subsequentmentionsareusedto give new informationaboutimportantnews actors
and locations. For example,we learnaboutGemayelthat he was the first president-electof
Lebanonto beassassinated,thathewasa MaroniteChristian,his age,andhis political affilia-
tion. About Lebanon,we learnthat thecountryis “deeplydivided”. Suchanaphoricdefinites
that carry discourse-new or refreshrelevant hearer-old information accountfor most of the
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Class Description No. of paragraph
Person Arafat 19,20,20

Begin 16,16(i), 16(i), 17,18,18(i)
Draper 17,18
Gemayel 2, 4, 5, 5(i), 5(i), 6, 9, 10,11,11,13,13(i), 14,14,16,17,20
Wazzan 9, 9(i)

Group Israeliforces 1, 2, 4
Israelimilitary command 2, 4

Event G.’sassassination 2, 4, 9, 15,16,20
G.’sdeath 5, 6, 9, 17
newsof G.’sdeath 9, 15
theblastthatkilled G. 11,12

Object Gemayel’sbody 11,11(i), 12
Location westBeirut 2, 4

Israel 8, 19,19(i), 20,20
Jerusalem 2, 16,17
Lebanon 3, 5, 5(i), 8, 17,18,20,20

Table 6.30. Co-specificationsequencesin theGemayeltext. For eachentity, all paragraphsin
which it occursareprotocolled.(i): intra-sententialantecedent

anaphoricdefinitesin the text. The most frequentadjectival pre-modifierin the subsequent
mentionsis “criminal”, andit is usedfor describingBashirGemayel’sassassination.

Relation to NewsSchema: As vanDijk (1985a,page85) remarks,thestructureof this story
is not at all linear. Thefirst fifteenparagraphsaremainly strungtogetherby the fact that they
areall somehow relatedto Gemayel’s death,while the last five focuson the reactionof two
mainplayersin theMiddle East,Begin andArafat. Thefirst six paragraphsreporton thelatest
eventsandrefreshthemostimportantbackgroundinformation.Paragraphs(7) and(8) areall-
new sentences,contextual links areweak.They reportconsequencesotherthantheinvasionof
Israeli troops.Paragraphs(9) and(10) areagainonly heldtogetherby thefact thatbothreport
reactionsfrom high-rankingLebanesepoliticians. We briefly regain referentialcontinuity in
paragraphs(13) and (14), which report on relevant aspectsof Gemayel’s history, but this is
disruptedagainby paragraph(15),which beginsthesectionwith verbalreactionsfrom outside
Lebanon.Thethreeverbalreactionsarecontrastedby place:in theWhite House(Reagan)̈�¨�¨ ,
in Jerusalem(Begin) ¨¤¨�¨ , in Rome(Arafat).

All in all co-specificationsequencesdonotcontributegreatlyto thecoherenceof thetext. Its
coherenceis mainlyguaranteedby thefactthatreadersarefamiliarwith thenewssuperstructure
andtheplacesthatcanbefilled there.
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modifier definite pronoun propername other
first mention none 1 1 4 0

prenominal 1 0 5 1
post-nominal 1 0 0 0

subsequentmention none 3 10 29 0
prenominal 6 0 2 5
post-nominal 6 0 0 0

Table 6.31.Formsof referringexpressionsin co-specificationsequences

6.5 Summary

In thischapter, I analysedpatternsof co-specificationin corporaof (radio)newstexts, focusing
on DLF-RE, an excerpt from the StuttgartRadio News Corpus(Rapp1998), and WBUR-
LABNEWS, anexcerptfrom theBostonUniversityRadioNewsCorpus(Ostendorfet al. 1995).
In contrastto earlierresearchonthesecorpora(e.g.Hirschberg 1993,RossandOstendorf1996,
Möhler1998,Müller 1998),I exploredto whatextentresultsfrom mediastudiesabouttheform
andcontentof radionews caninform a linguistic analysisof suchtexts. Who getsreferredto
how andwhenin radionewsappearsto benot somucha linguistic but rathera sociolinguistic,
even a political issue. The communicationsituationin the radio news domainis so complex
that it is virtually impossibleto classify the informationin the news text into a dichotomyof
givenversusnew information. Evenwhenrestrictinggivennessto the givennessof discourse
entities,we facetheproblemthatnews “consumers”,thetypical addresseesof radionews,are
decidedlynothomogeneous.For thepurposeof thisstudy, I mind-simulatedapolitically rather
uninterestedpersoncalled“John Doe” andannotatedthe texts accordingto how Johnwould
probablyprocessthem. I hadto make informed(or, beingtrueto my simulation,uninformed)
guessesasto whichnewsmakerswouldseemfamiliar to him, andwhichoneshewouldbeable
to uniquelyidentify.

In the analysis,I focusedon the connectionbetweendeterminertype, pronominalisation,
andentity status. Regardingthe choicebetweenpronounandfull NP, entity statusis highly
successful:Mesauressuchasdistancefrom last mentioncanexplain more than 50Í of the
variationin the data. But whenit comesto definitedeterminersor bareNPs,entity statusis
a lot lesssuccessful,covering only around20Í of the variation for bareNPs,and lessthan
10Í for definites. I concludefrom theseobservationsthat to make entity statusthe principle
accordingto which languagesstructuretheir optionsfor referring,asAriel (1990)does,is at
leastquestionable.This small study hasclearly shown that other influenceson the form of
referringexpressionsarestronger. For radio news, this might be theconstraintto crammuch
informationinto little time,which seduceseditorsto cramseveralpropositions(in thesenseof
vanDijk 1980)into onesinglereferringexpression.

A moredetailedanalysisshows thatsuccessfulentity statusvariablescover thetwo dimen-
sionsproposedby Chafe(1994),identifiability andactivation. Too muchdetail appearsto be
harmful,astheinvestigationof thevery detailedsource-basedschemeproposedin Section5.2
hasshowed.Pronounsarevery rarein corporaI lookedat,andin contrastto thepatternsfound
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in cross-genrecorpora,suchasBROWN-COSPEC, mostof thesepronounshave intra-sentential
antecedents.Definitesdo not show any preferencefor anaphoricityor cataphoricity. Their dis-
tribution doesnot appearto beaffectedmuchby the linguistic context. Maybein radionews,
definitedescriptionsaretheunmarked,default form of referringexpressions.Indefinites,onthe
otherhand,almostexclusively occurasfirst mentions.But in contrastto whatis claimedin the
literature(e.g. in the processinginstructionsof Givón (1992,1995a)),mostof the discourse
entitiesthatareintroducedby indefinitesarenevermentionedagain.

A detailed,qualitative analysisof four Germanradio news text anda brief journal article
provided further insightsinto how referringexpressionsreflectentity status. In the German
texts, referringexpressionsarecarefullychosennot only to specifya discourseentity, but also
to evoke the script that the addresseeneedsin order to processthe informationconveyed in
the news item. In otherwords, the referringexpressionsnot only specifydiscourseentities,
they alsosetthescenefor them. Whentheunderlyingstoryhasbeenrunningfor a while, the
definitereferringexpressionstendto exploit intertextualrelationsbetweennewsitemsthathave
precededthem.Theanalysisof thenewspaperarticleabouttheassassinationof BashirGemayel
shows that,at leastin somegenres,referringexpressionsarenot asimportantfor establishing
textual coherenceaslinguistic theorieswould like to suggests.With this brief news report,its
coherencecomesmainly form thefactthat it adheresto familiar patternsof news presentation;
referringexpressionsareusedto highlight relevantaspectsof thepersonsthataretalkedabout.
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In the previous chapter, I have arguedthat if we want to examinelinguistic correlatesof en-
tity statusin a large-scalecorpusstudy, we shouldmeasureentity statuson the basisof co-
specificationsequences.In thischapter, I put thesimpledistancemeasuredefinedonpage111f.
to the test in a detailedstatisticalcross-genrestudyof pronominalisationpatternsin standard
AmericanEnglish. Thepronominalisationtaskcanbedefinedby a simplequestion:In which
contexts shouldwe usea pronounto mentiona discourseentity? This task is an important
subtaskof themorecomplex taskof generatingreferringexpressions.

This chapteris structuredasfollows. In Section7.1, I discussinfluenceson pronominal-
isation. Many of theseinfluencesarevery difficult to measure,suchaspersonalstyle, others
arestraightforward,suchasagreement.Sevenfactorsareidentifiedthatcanbeannotatedreli-
ably: agreement,sortalclass,form of theantecedent,syntacticfunction,syntacticfunctionof
theantecedent,numberof competingantecedents,anddistanceto lastmention.Thecorpuswe
will usehere,BROWN-COSPEC, is describedin AppendixC. In Section7.2,I examinewhether
thesefactorscanbeusedto predictwhethera referringexpressionshouldbepronominalisedor
not. In particular, we areinterestedin factorsthat performwell acrossgenres.First, logistic
regressionis usedto systematicallytestthepredictive power of the factors(Section7.2.1). A
preliminaryversionof this sectionhasbeenpublishedas(StrubeandWolters2000). We also
examinewhetherthe predictive power of the factorsis robust with respectto genre(Section
7.2.2). Next, in Section7.3 I examinehow thesefactorsfarewhenotherapproachesareused
to learnthe pronominalisationtask. Two approachesarecompared:automaticrule induction
and exemplar-basedlearning. Finally, in Section7.4 I discussthe resultsof this chapterin
the context of previous researchon generatingreferringexpressions,andpoint out potential
applications.

7.1 Influenceson Pronominalisation

The influencediagramin Fig. 7.1 shows how linguistic andextralinguisticfactorsinteractin
thechoiceof linguistic forms.

In this figure,“Genre” standsfor all constraintswhich comefrom conventionsimposedby
adiscoursecommunityfor thediscoursepurposeof a text. Examplesof genresarelettersto the
editor, academicresearcharticles,or law texts. However, assoonaswe apply this definition
to standardrepresentative corporasuchastheBrown corpusor oneof its mirror corporasuch
asthe Lancaster-Oslo-Bergencorpusof British English(Johanssonet al. 1986),we run into
trouble, becausethe categoriesthat were usedfor samplingthe texts are a jolly mixture of
genres,sub-genres,anddomains(Lee submitted).A survey of the literatureshows that there
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aretwo alternatives: eitherre-classifythecompletecorpus,as(Kessler, Nunberg andScḧutze
1997) have done,or make do with the existing categories. For our purposeswe chosethe
secondalternative,becauseit doesnot requireusto designa schemefor determiningthegenre
of arbitrary written English discourse,which is what Lee (submitted)endedup doing, and
becausetheresultsareeasyto replicateby others.Thetextswechosearefully documentedand
describedin AppendixC, whereI alsodiscusstheGenrevariablein moredetail.

“Content” standsfor constraintsimposedby thecontent.Domain-specificcommunication
conventionsarealreadycoveredundertheheadingof “Genre”; what I meanhereis that there
arepreferredwaysof talking aboutpeople,events,situations,states,etc.For example,humans
tendto be mentionedassubjectagents,while situationsrarely, if ever, take the agentrole, in
particularif thewriter is not in amoodfor metaphor.

“Style” standsfor thestyleof writing. Individual styleleavesclearmarkson a level aslow
asthefrequency of functionwords(MostellerandWallace1964,Holmes1994). In their data,
Henschelet al. (2000)founda constraintthey call repetitionblocking: Never usea pronoun
two sentencesin a row to refer to thesamediscourseentity. To me,this appearsto bea genre-
specificstylistic constraint.Both in newspapercopy andin thepedagogicaldescriptionsof the
MUSE corpus,it is importantto getmuchinformationacrossefficiently, andnew information
aboutadiscourseentitycanbesmuggledquitewell into ananaphoricdefiniteNP. Thisway, the
writer avoidsa full tensedclause.If we areto believe textbookwriterssuchasSchneiderand
Raue(1998),computersshouldnotnecessarilybetaughtto mimic this questionablebehaviour.

“Formal Constraints”areconstraintsimposedby grammar, while “StructuralConstraints”
are imposedby text structure,suchasco-specificationsequences,discoursesegmentbound-
aries,andrelationsbetweenthosediscoursesegments.Although the discourseentitiesthem-
selvesandtheirsemanticpropertiesbelongto thedomainof content,theirstatusin thediscourse
is astructuralconstraint.Examplesfor theeffectsof theseconstraintshavebeengivenin Chap-
ter4.

Whetherthereasonsfor usinga pronouninsteadof a full NP arethesamefor eachgenre,
thatstill appearsto beanopenquestion.We know thattherearelargedifferencesin thedistri-
bution of pronounsversusfull NPsacrossgenres.Table7.6demonstratesthis for theBROWN-
COSPEC-corpus,andBiber (1992)obtainedsimilar resultson his corpusof spokenandwritten
British English.Fox (1987)took this observationonestepfurther. Shearguedthatthepronoun
resolutionstrategiesof areaderdiffer somewhatfrom thoseof alistener. Toole(1996)examined
thedistribution of referringexpressionsin four differentgenres,sciencefiction, bookreviews,
informal conversations,andcurrentaffairs interviews. Sheconcludesthat the distribution of
referringexpressionsin all four genresfollows thepredictionsof Ariel’s (1990)Accessibility
Theory, but this is difficult to verify, sinceher tablesonly relateto thecompletecorpus,never
to singlegenres.

In this study, we examinewhetherwe can“explain away” thegenredifferencesif we feed
our pronominalisationalgorithmswith the right features,featuresthat can explain why one
genrecontainsmorepronounsthanthe other. For example,supposewe have a genreA that
hasmany pronouns,of which mostarefirst- andsecond-personpronouns,anda genreB with
the sameamountof third-personpronouns,but with no first- or secondpersonones. This
differencecanbeexplainedby anAgreementfeaturethatcoversnumber. Whetherwe canfind
suchasetof factorsthatpredictspronominalisationindependentof genre,thatwill beacentral
questionin the researchreportedin this chapter. The following Section7.1.1describesand
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Author

Genre Formal/Structural
Constraints

Content

Form

Style

Figure 7.1. Constraintson the choiceof linguistic forms. We are mainly interestedin the
dependenciessignalledby arrowswith filled heads.

motivatesthe factorsthat wereusedin our experiments,andSections7.1.2and7.1.3present
somepreliminaryquantitative dataaboutthedistribution of thesefactorsandtheir connection
to pronominalisation.

7.1.1 The Factors

We will model selectedconstraintsby threetypesof factorshere,which are summarisedin
Table7.2:

formal constraints that comefrom the agreementvalueof the referringexpression(AGREE)
andits syntacticfunctionin thesentenceit occursin (SYN). Thepossiblevaluesof these
featuresarediscussedin detail in sectionC.1.

contentconstraints that comefrom the semanticsof the discourseentity. AGREE is already
somesort of a contentfactor, becausethird personmasculineand feminine pronouns
arealmostalwaysusedfor persons.Wesupplementedthis factorby sortalclass(CLASS),
whichhasbeenshown to berelevantfor pronominalisation,andcanbeannotatedreliably.
In particular, we wantedto exploredistinctionsbeyond the familiar [ Õ animate]on the
basisof a more detailedontology. The sortal classannotationsare discussedin more
detail in AppendixC. I reproducetheannotationmanualfor thesortalclassannotations
in AppendixC.2.

structural constraints that comefrom the positionof a discourseentity in a co-specification
sequence.Thesefactorsare: distanceto lastmention(DIST), thenumberof competing
antecedents(COMPANTE), parallelism(PAR), form of theantecedent(FORMANTE), and
syntacticfunctionof theantecedent(SYNANTE).

PAR is definedonthebasisof syntacticfunction:areferringexpressionandits antecedent
areparallelif they havethesamesyntacticfunction.COMPANTE is definedasthenumber
of all discourseentitieswith thesameagreementfeaturesthatoccurin thepreviousunit
or in the sameunit beforethe currentreferringexpression.For DIST, we replacedthe
continuous,ordinalmeasurediscussedin Section5.3by a categoricalvariablewith four
possiblevalues,which aregivenin Table7.1. This new variableallows usto cover both
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-1 first mention
0 antecedentin sameMCU
1 antecedentin previousMCU
2 antecedentmorethanoneMCU ago

Table 7.1.Valuesof thevariableDIST

NP level
AGREE Agreementin person,gender, andnumber
Values: 1 sg.,1 pl., 2 sg.,2 pl., 3 sg.masc.,3 sg. fem.,3 sg.neut.,3 pl.
SYN Syntacticfunction
Values: subject,object,PPadjunct,other
CLASS SortalClass
Values: seeTableC.2

Co-specificationlevel
SYNANTE Syntacticfunctionof antecedent
Values: first mention,deadend,subject,object,PPadjunct,other
FORMANTE Formof theantecedent
Values: first mention,deadend,pronoun,possessivepronoun,demonstrativepronoun,

definiteNP, indefinite(with bareNP),propername
DIST Distancefrom lastmention
Values: noantecedentin discourse,antecedentin sameMCU,

antecedentin previousMCU, antecedentearlier
PAR Parallelism
Values: occurswith samesyntacticfunctionin previoussentence,yes/ no
COMPANTE ambiguity
Value: numberof competingdiscourseentities

Table 7.2.Overview of factors.All factorsarecategorical,COMPANTE is ordinal.

first mentionsand subsequentmentions,whereasthe ordinal measurewas only well-
definedfor subsequentmentions.TheMajor ClauseUnit (MCU) is definedin Definition
5.7,page111.

Thefactorswereselectedon thebasisof threecriteria:

1. they canbederivedfrom existingannotations

2. they canbeannotatedreliably

3. they canbeannotatedquickly - themoredetailedtheanalysis,theslower will theanno-
tatorsbe

The secondcriterion was the reasonwhy we did not annotategenericity, countability, or
thematicroles. Poesio,Henschel,HitzemanandKibble (1999)have shown that it is very dif-
ficult to designannotationmanualswhich allow to annotatethesefeaturesreliably. Thematic
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rolesarealsoeliminatedby thethird criterion. All linguiststhatgive principleddefinitionsof
thematicroles(Dik 1989,Halliday 1994,Jackendoff 1992)basethesedefinitionson eithera
classificationof the main verb (Dik, Halliday), or on a decompositionof the main verb into
semanticprimitives(Jackendoff). A principledanalysisof thematicroleswould thereforere-
quire a deepandcarefulanalysisof eachproposition. It alsointroducesanotherconfounding
factor: not only canannotatorsdisagreeon thematicroles,they canalsodisagreeon theverb
classifications.

Although the way in which discourseis structuredinfluencespronominalisation(seee.g.
Fox 1987,Wiebe 1991,Wiebe 1994,Kibrik 1996), we will not investigatetheseinfluences
here. Thereareseveral reasonsfor this. First beforewe canstudyhow hierarchicalstructure
affectspronominalisation,beit temporal,intentional,or attentional,wefirst needto investigate
thelinearbasecasethoroughly. Second,BROWN-COSPEC hasnotbeenannotatedproperlyfor
discoursestructureyet, andto deviseanannotationschemeandimplementsuitableannotation
toolswouldsoonhave ledbeyondthescopeof this thesis.Wecouldhavesimplyestimateddis-
coursesegmentboundariesby paragraphboundaries.For example,Zadrozny andJensen(1991)
treatparagraphsasbuilding blocksof discourse,coherentunitson thebasisof which a formal
discoursesemanticscanbespecified.But the resultspresentedin Table7.10demonstratethat
thepictureis not asstraightforwardassomeof the literatureseemsto suggest.Sincetherela-
tion of paragraphsto moreconventionallinguistic notionsof discoursestructureis in factquite
complex (Chafe1994),I preferto leaveastudyof paragraphsto adedicatedstudyof discourse
structure,whereparagraphsarecomparedwith otherapproachesto discoursestructure.

The aspectsof discoursestructurethat arerelevant for pronominalisationmay vary from
genreto genre,just asFox (1987)assumedin her study. For somegenressuchasnarrative,
temporalrelationshipsmayberelevant, for others,suchaspolice reports,formulaic building-
blocks.Toole(1996)arguesthatfor thepurposesof analysis,it is crucialto usethesameunits
for all genres.For herstudy, shechoosespropositionsandepisodesasanalysisunits,following
(Tomlin 1987a). Sinceher units are cognitively motivated,they do not dependasmuch on
syntacticcriteriaasourMCUs. Ontheotherhand,thepropertiesof spokenandwrittenvarieties
of a languagecandiffer quitedrastically, andfor somedata,suchasconversations,we clearly
needothermethodsof analysisthanfor e.g.legaldocuments.Fox adaptedheranalysismethods
to thetextssheworkedon. This maymakecomparisonsbetweengenresmoredifficult, but her
resultsarenonethelessvalid.

Sincewe rely on co-specificationsequenceswith identity links to determinetheantecedent
for apronoun,thereareseveralinterestingtypesof pronounswecannotcover: discourse-deictic
pronouns,andpluralpronounsthatco-specifywith two non-coordinateddiscourseentries.For-
tunately, thesepronounsare relatively rare in our data. We alsodo not distinguishbetween
personalanddemonstrativepronounsbecausedemonstratives,again,arecomparatively rarein
our corpus. All three,demonstratives,discourse-deicticpronouns,and plural pronouns,are
still hotly debatedresearchtopics. More andmoreresearcherspresentcorpus-basedwork on
demonstratives(e.g.Botley 1996,Byron 1999) anddiscoursedeixis (e.g.Eckert andStrube
to appear, Eckert andStrube1999). We expectthatwe canintegratethesepronounsin future
versionsof BROWN-COSPEC.

The Brown corpuswas chosenas the basisfor our work becauseit is arguably the best
studiedcorpusof AmericanEnglish there is. Numerousquantitative linguistic resultshave
beenpublishedon it, anddueto numerousrevisions,its annotationsarestableandreliable.We
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Code Description
CF PopularLore non-fiction,narrativeor argumentative
CG BellesLetters,Biographies non-fiction,argumentative / expository
CK GeneralFiction fiction, narrative
CL MysteryFiction fiction, narrative

Table7.3. Thegenresin BROWN-COSPEC

Genre # discourse #seq. Í full NPs Í pronouns
entities total first second third

CF 1223 125 80.4Í 19.6Í 1.4Í 0.1Í 18.1Í
CG 1290 120 84.8Í 16.2Í 9.1Í 0.2Í 6.9Í
CK 1071 113 63.8Í 36.2Í 8.1Í 0.4Í 27.7Í
CL 954 170 64.4Í 35.6Í 5.3Í 2.4Í 27.8Í

Table 7.4. Frequency of pronounsin genres.#seq:numberof co-specificationsequences.All
percentagesbasedon thetotal numberof referringexpressions.

did not includedialoguein this studybecauseit is not clearhow the units for the analysisof
spoken languageshouldbedefined;eventheMCUs (Definition 5.7, Section5.3) thatwe will
useherefor written languagerepresenta compromisebetweensyntacticconstraints,semantic
structure,andeaseof annotation,andotherunit definitionsclearlyneedto beinvestigated.

Thegenredefinitionsaretakendirectly from theBrown corpuscategories.They aresum-
marisedagainin Table 7.3 for convenience. Although, as we have seen,they have several
disadvantages,thecategoriesthatweselectedarerelatively homogeneous,exceptfor CF. Both
CF andCG containmarkedly fewerpronounsthanCK andCL. Thesurprisinglyhighpercentage
of 16.2Í for CG is mostly dueto the first personpronounsin the expositorytexts (c.f. Table
7.4). In all othergenres,mostpronounsarein thethird person.

In thefollowing two subsections,I will reportsomepreliminaryquantitativeanalysesof the
factorsdefinedin the precedingsectionwhich shouldhelp us interpretthe resultsin Sections
7.2and7.3. First, in Section7.1.2,we will describethedistribution of referringexpressionsin
BROWN-COSPEC. Then,we will examinetherelationshipbetweeneachof thevaluesof these
factorsandPRO in moredetail in Section7.1.3.

7.1.2 Distances,Definites,and Pronouns

Table7.6showsthatthedistributionof referringexpressionsvarieswidely, evenwithin genres.
For example,texts CK25 andCK29 have thesmallestnumberof sequencesin thecorpus,but
this is dueto thefact thateachof thesetexts hastwo mainactorswhich arementionedin most
sentences.

The texts from the two narrative genres,CK and CL, have fewer discourseentitiesthan
theothers,but therearemoreandlongerco-specificationsequencesandhencemorereferring
expressions.Although the mediansequencelengthdoesnot vary greatly betweentexts and
genres,the maximumsequencelength does. A more detailedinspectionof co-specification
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Genre Text # entities # sequences Í entities sequencelength
in sequences median maximum

CF 1226 128 10.44 Í 3 73

19 472 44 9.32Í 2 11
27 441 41 9.30Í 2 5
31 313 43 13.74Í 4 73

CG 1290 120 9.30 Í 2 67

2 433 41 9.47Í 2 16
11 410 51 12.44Í 2 32
35 447 28 6.26Í 3 67

CK 1081 123 11.38 Í 2 123

5 314 59 18.79Í 2 96
25 398 29 7.29Í 2 109
29 369 35 9.49Í 2 127

CL 851 166 19.51 Í 3 175

4 292 51 17.47Í 3 89
6 247 49 19.84Í 3 175
22 312 66 21.15Í 2.5 67

all 4448 537 12.07 Í 3 175

Table7.5. Distributionof DiscourseEntities
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Genre Text # ref. expr. Í definites Í indefinites Í pronouns Í 3rd person
sg.n. sg.m./f. pl.

CF 1725 22.50 47.83 19.59 2.96 7.65 1.68

19 602 24.58 54.65 16.61 2.66 3.99 1.50
27 506 24.51 55.14 13.83 5.93 1.38 2.57
31 617 18.80 35.17 27.23 0.81 16.37 1.13

CG 1707 23.78 56.12 16.17 2.28 0.35 1.29

2 544 31.99 57.17 7.35 3.31 0.18 0.37
11 570 20.18 55.61 21.75 2.63 0.88 2.46
35 593 19.73 55.65 18.89 1.01 0.00 1.01

CK 1848 17.05 38.91 36.15 4.33 13.58 1.68

5 593 20.07 31.03 36.93 8.26 17.88 2.53
25 624 15.87 43.91 35.90 3.21 18.75 1.60
29 631 15.37 41.36 35.66 1.74 4.44 0.95

CL 1846 22.05 32.94 35.64 4.93 13.76 3.20

4 587 25.04 31.18 35.26 3.92 17.72 3.92
6 625 25.28 28.48 38.08 6.08 19.84 1.60
22 634 16.09 38.96 33.60 4.73 4.10 4.10

all 7126 21.27 43.64 27.22 3.67 9.02 1.98

Table 7.6. Distributionof formsof referringexpressionsin BROWN-COSPEC. All percentages
arebasedon thetotal numberof referringexpressions.Thepercentageof pronounsis basedon
bothpersonalandpossessivepronouns.
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Genre Í first mentionsas ¨�¨¤¨
total deadendonly trackingonly

def. in./bare pro. def. in./bare pro. def. in./bare pro.
CF 25.94 64.27 2.60 25.77 65.57 2.10 27.34 53.13 6.25
CG 26.51 68.06 1.01 25.90 69.32 0.60 32.50 55.83 5.00
CK 23.68 63.27 4.26 23.28 65.45 3.97 26.83 46.34 6.50
CL 29.26 61.22 2.35 27.34 66.23 1.32 37.13 40.72 6.87

all 29.26 64.55 2.50 25.47 66.78 2.00 31.41 48.32 6.13

Table 7.7. Formsof first mentionsin BROWN-COSPEC. Pronounpercentagesreferto personal
pronouns.

Genre Í occurassubsequentmentions
def. in./bare pro.

CF 18.04 4.48 86.15
CG 15.76 8.35 92.07
CK 18.73 4.87 90.36
CL 38.82 14.31 96.21

all 23.15 7.68 92.07

Table 7.8.Formof subsequentmentionsin theBROWN-COSPEC-corpus

sequencelengthsshows that narrative texts do not just have moresequences,they have more
longsequences.Thisexplainswhy wefind morepronounsandlessindefinites/ bareNPsin CK

andCLthanin CF andCG.

Definites: As Table7.8shows,mostdefinitesarefirst mentions.This confirmstheresultsof
e.g. Fraurud(1990). IndefinitesandbareNPsappearto specialisein first mentions.They are
especiallyfrequentacrossgenresfor first mentionsof discourseentitiesthat arenot accessed
again,so-calleddeadendentities(c.f. Table 7.7). This might be due to a tendency that we
have alreadyobserved in the Gemayeltext, Section6.4.3: Importantentitiesthat arenew to
thediscourseareintroducedby definiteNPswhich containenoughinformationto build a new,
uniquelyidentifiablerepresentationfor thatentity.

Now that we have someideaof the contexts in which non-anaphoricdefinitestendto be
used, let us turn to anaphoricdefinites. According to Table 7.8, pronounsare the default
anaphoricreferringexpressions.Tables7.9and7.11suggestthatdefiniteNPsareusedinstead
of pronounsundertwo circumstances:

1. The antecedentoccursmorethanoneunit ago. This holdsfor 68.67Í of all anaphoric
definites.

2. The next mentionwill occur in the next MCU. This holdsfor 48.47Í of all anaphoric
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Genre Dist. 0 Dist. 1 Dist. Ö 1
total Î realisedas Ó;Ó;Ó total Î realisedas Ó;Ó;Ó total Î realisedas Ó;Ó;Ó

def. in./bare pro def. in./bare pro def. in./bare pro
CF 11.94 6.80 0.97 88.83 9.68 14.37 9.58 59.28 7.30 25.40 15.08 15.87
CG 8.08 5.07 5.80 88.41 8.26 12.77 23.4 59.57 8.08 28.26 28.26 35.51
CK 16.45 0.99 2.30 94.74 15.53 2.79 3.14 89.20 9.52 27.27 10.80 41.48
CL 14.46 3.00 4.12 89.89 18.47 8.21 5.28 79.47 20.97 31.52 14.99 32.30

all 12.84 3.50 3.06 91.04 13.14 8.33 8.12 75.85 11.61 29.14 16.32 32.29

Table 7.9. Distanceto last mentionvs. form of referringexpressionsin BROWN-COSPEC.
Percentageof mentionsat distances0,1, × 1 realisedasdefinites,indefinites,pronouns.

definites. The tendency is even moremarked for indefinites,againincluding bareNPs
(67.85Í ).

Thestrengthof thesepatternsdiffersfrom genreto genre.Thetexts from CF andCG show
markedly moreanaphoricdefinitesthanthosefrom CK and CL. The mediandistanceto last
mentionalsovariesgreatly. It is highestfor the two narrative genres,which alsohave more
pronounswhosedistancefrom theirantecedentis greaterthan1 MCU. Thiseffectcouldbedue
to thefirst-personandthird-personnarratorsin thenarrative texts.

In theexperimentalliterature,researchershave found thatanaphoricdefinitescuesthebe-
ginning of a new episode(Vonk et al. 1992). This predictionis not quite borneout by the
corpus.For eachparagraphin thetexts, I determinedwhethertherewasa referencebackto a
discourseentity in the precedingsentence,andif so,whetherit wasrealisedby a pronounor
not. The resultsaresummarisedin Table7.10. In fact, the only text wherethis hypothesisis
confirmedis CF31. In all othertexts thereareeitherno cross-paragraphantecedentsin thefirst
sentencesof paragraphsor thesearerealisedby a pronoun.But if we examinethesepronouns
closer, we find that many refer to the main actorof a long discoursesegmentstretchingover
thecompleteor at leasthalf thetext. Alternatively, thepronouncanbea first-personnarrator’s
“I”. Finally, in text CG35, thespeech,thatpronounis oftena “we” which refersto “the Amer-
icannation”. In the text wherewe seetheexpectedbehaviour, CF31, theauthordiscussesthe
behavior of severalpeoplein turn. On thebasisof theseresultsI would venturethehypothesis
that anaphoricdefinitesaremore likely to be usedepisode-initiallyif the protagonistsof the
discoursesegmentschangefrequently.

Pronouns: Most of thesubsequentmentionsin thecorpusarepronouns—acrossgenres.As
the distanceto the last mention increases,the tendency to pronominalisedecreasesrapidly.
Thedistribution of pronounsover distancesshows a sharpfall, especiallyin comparisonwith
the more gentleslopeof definites(c.f. Figure7.2). Although the distributionsof definites,
indefinites,andpronounshave the samemode,1, their mediansdiffer markedly (c.f. Table
7.11). Pronounstendto have their antecedentin the sameclause.But if they arethemselves
antecedentof a referringexpression,thatexpressiontendsto occurin thenext clause.

Pronounspredominateif the antecedentis in the sameunit. This default weakensif the
antecedentis in thepreviousunit, andit weakensevenmorefor thenon-narrative genresthan
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Genre CF CG CK CL

Text 19 27 31 2 11 35 5 25 29 4 6 22
# paragraphs 15 12 26 13 10 39 46 5 14 45 29 13
cross-paragraphantecedents 4 0 14 1 3 21 12 4 13 21 14 5
pronominal 1 0 2 0 3 16 12 4 12 18 13 5

Table 7.10.Form of referringexpressionswith cross-paragraphantecedents.For eachtext, the
tablegivesthe numberof initial sentenceswherereferringexpressionshave cross-paragraph
antecedents(secondline) andthenumberof thesereferringexpressionsrealisedaspronouns

Genre mediandistanceto ¨¤¨�¨
lastmention next mention

def. indef. pronoun def. indef. pronoun
CF 1 2 0 1 1 1
CG 2 1 1 2 1 1
CK 7 2 1 1 1 1
CL 5 4 1 3 1 1

Table 7.11.Mediandistanceto lastandto next mention.

for the two narrative ones.Thesurprisinglylargenumberof “long-distance”pronounswith a
distanceto the last mentionof more than2 units hasseveral causes:First first- andsecond-
persondiscourseentitiesarealways referredto pronominally, no matterhow long they have
not beenmentioned. Second,in all texts where long co-specificationsequencesoccur, the
associatedentitiesarethemainprotagonist(s)of thestory. Moreover, thestory is told through
theeyesof oneof theseprotagonists.Suchsequencesaccountfor mostof thepronounsin the
corpus,andfor many long-distancepronouns,aswell. Thefirst-mentionpronounsaremostly
first- andsecondpersonpronouns,asmallnumberhasa clause-level antecedent.

7.1.3 Influenceof IsolatedFactorson Pronominalisation

After we have examinedthe distribution of referring expressionsin our corpus,let us now
reformulatethefactorswewill work with asrandomvariablesIn thisandthefollowingsections,
the factorsSYNANTE, SYN, FORMANTE, PAR, CLASS, DIST andAGREE, whosevaluesare
discretecategories,will bemodelledasa polytomouscategoricalvariable,while COMPANTE

is an ordinal variable. Pronominalisationis coveredby the variablePRO. It can have two
values:PRO, whichstandsfor theeventthata referringexpressionis realisedasapronoun,and
NP, which standsfor theevent thata referringexpressionis realisedasa full NP. What is the
distribution of this variable,our targetvariable?Is it closeenoughto thebinomialdistribution
to justify theuseof logistic regression?

In orderto examinethedistribution of the randomvariablePRO, 1000randomsamplesof
100 referringexpressionseachweredrawn from the corpus(with replacement),and in each
sample,thenumberof pronounswascounted.Figure7.3showsthedistributionof thesecounts.
Themeannumberof pronounsin thoserandomsamplesis 27.29 Ø 27, thevariancethatwas
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Figure 7.2. Distribution of distanceto last mentionfor pronounsand definitesin BROWN-
COSPEC
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completecorpus Genres
CF CG CK CL

empiricalmean �� 27.29 19.91 16.11 36.22 35.31
empiricalvariances

�
21.00 16.55 13.75 23.70 23.33

estimatedvariance
�� � 19.84 15.94 13.52 23.10 22.84

s
�

/
�� � 1.06 1.04 1.02 1.03 1.02

Table7.12.Mean,variance,anddispersionof PRO.

estimatedfrom thedatais 21.00.Thecorrespondingmeansandvariancesfor eachof thegenres
is shown in Table7.12.

Thebinomialdistributionis thestandardmodelfor binaryvariablessuchasPRO. In termsof
thebinomialmodel(c.f. AppendixB.2),wecountall pronounsassuccesses,andall full NPsas
misses.pPRO (or p, for short)is theprobabilitythata referringexpressionwill berealisedasa
pronoun.Forasamplesizeof 100referringexpressions,thedatayieldsanestimateof p=0.2691.
Thecorrespondingbinomialdistributionis plottedoverthehistogramin Fig. 7.3.Theempirical
distribution is somewhatbroaderthanthe theoreticalone,andthecountsaroundthemeanare
muchmorelikely to occurthanthebinomialdistribution would predict. Thedifferencein the
peaksof the two distributionsmay be dueto the small numberof samplesthat wereusedto
estimatetheempiricaldistribution. Many pronouncountswhich areaccommodatedin thetails
of thatdistribution areextremelyunlikely to occur. Thevariancethatwasmeasuredfrom the
dataalso tendsto be a little larger than the variancewe would expect from a pronominally
distributedvariable. But the ratio of thesetwo variancesis alwayscloseto 1, asTable7.12
shows — not enoughto claim that PRO is seriouslyover- or under-dispersed.All in all, the
binomialdistributionfits PRO remarkablywell, thereforewecansafelyuselogistic regression,
whichassumesthatthetargetvariable,in our casePRO, hasjust suchabinomialdistribution.

Next, we examinetherelationshipbetweeneachof thefactorsandPRO. Table7.9demon-
stratesclearlythatdistancealonecannotaccountfor all occurrencesof pronounsin ourcorpus,
althoughtherearestrongdefaults:Almostall intra-sententialanaphorain theBROWN-COSPEC-
corpusarepronouns,andmost inter-sententialanaphorawith the antecedentin the previous
clauseare pronominalised,aswell. From a theoreticalpoint of view, this is not surprising.
First, therewill alwaysbe contexts whereboth pronounsand full NPsareequallyadequate,
andwherethechoicebetweenthetwo optionsis essentiallystylistic. Second,aswe have seen
in Chapter4, thereare many factorsapartfrom distancewhich influencehow pronounsare
interpreted—thesyntacticstructureof thesentence,thediscoursestructureof the text, these-
manticstructureof thepropositionsin which thereferringexpressionis used,andsoforth.

For theordinal COMPANTE variable,theKruskal-Wallis testwasused,andthe � � -testfor
theother, nominal,variables.We foundstatisticallysignificantassociationsbetweenPRO and
eachof thesevenfactors.Theseassociationsholdbothfor all referringexpressionsandfor those
thatoccurin sequencesof co-specifyingreferringexpressions.All of thetestsweresignificant
at thep � 0.001-level,with theexceptionof PAR: for expressionsthatarepartof co-specification
sequencestheeffect of thatfactoris not significant.

For eachfactor, we determinedwhethersomevaluesarebettercuesto pronominalisation
thanothers.The testwe usedis basedon the fact that PRO hasa binomialdistribution. P(pro
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Figure 7.3. Distribution of PRO in BROWN-COSPEC. On thex-axis, we have thenumberof
pronounsin a sample,on they-axis, the relative frequency with which eachof thesenumbers
occurredin thesetof 1000samples.Thehistogramshowsthedistributionfoundin thedata,the
dotsconnectedby a line thedistributionwhichwewouldexpectto find if PRO werebinomially
distributed.



188R 7 PronominalisationSUT ; V ,W ) gives the probability that x or more referring expressionsare pronominalisedin a
sampleof sizen if the “true” probability of finding a pronounin the populationfrom which
thesamplewasdrawn is W . In our case,V is thenumberof referringexpressionwherefactorX

hasvalue Y , and W is the relative frequency of pronounsin the populationfrom which we
draw our samples.If P(pro SZT ; V ,W ) [ 0.001,thena referringexpressionis significantlymore
likely to be realisedasa pronounif

X \ Y . The ratherstrict significancelevel of 0.001was
chosenbecauseweconductmany tests,andwith a lessstrictsignificancelevel, chancesarethat
sometestswill give spuriousresults. We usedthreebasedatasets: thecompletedataset,all
referringexpressionsin co-specificationsequences,andall third personreferringexpressionsin
sequences.

Theresultscanbesummarisedasfollows:

AGREE: NPsreferring to the first andsecondpersonarealwayspronominalised,Third per-
son masculineor feminine NPs, which can refer to persons,are pronominalisedmore
frequentlythanthird personneuterandthird personplural.

DIST: Pronounsarestronglypreferredif thedistanceto theantecedentis 0 or 1 MCUs.

SYN,SYNANTE,PAR: Referringexpressionsaremore likely to be pronominalisedin subject
position than as a PP adjunct,and referring expressionswith adjunctsas antecedents
arealsopronominalisedlessoften thanthosewith antecedentsin subjector objectpo-
sition. Pronounsarepreferredaspossessive determiners,andreferringexpressionsthat
co-specifywith anantecedentpossessivepronounarehighly likely to bepronominalised.
Wealsonoticestronggenre-independenteffectsof parallelism.

COMPANTE: COMPANTE hasa significanteffect aswell: themedianambiguityfor nounsis
3, themedianambiguityfor pronouns0. Closerinspectionrevealsthatthis is mainlydue
to first andsecondpersonandthird personmasculineandfemininepronouns.

The sortal classesshow a numberof interestingpatterns(c.f. Table 7.14). Not only do
the classesdiffer in the percentageof deadendentities,thereare also marked differencesin
pronominalisability. Thereappearto bethreegroupsof sortalclasses:

1. Person/Group or [+animate],with the lowest rate of deadendentitiesand the highest
percentageof pronouns. This is not only due to the first and secondpersonpersonal
pronouns.

2. Location/PhysicalObjector [-animate,-abstract],with roughly two thirds of all entities
not in sequencesandasignificantlylowerpronominalisationrate.

3. Concept/Action/Event/Property/State/Conceptor [+abstract],with over80] deadenden-
tities. Within this group,Action,Event,andConceptarepronominalisedmorefrequently
thanStateandProperty. Time is the leastfrequentlypronominalisedclass. An impor-
tant reasonfor the differencebetweenLocationandTime, which areboth propertiesof
situations,might be thatTimesarealmostalwaysreferredbackto by temporaladverbs,
while locations,especiallytownsandcountries,canbeaccessedvia third personneuter
personalpronounsaswell asspatialadverbs.
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SYN all CF CG CK CL

subject 42.61 37.32 32.58 59.58 40.40
PPadjunct 4.86 2.84 2.19 13.30 12.56
object 14.40 9.80 6.37 23.00 24.69
other 31.12 32.36 35.19 29.31 29.19

SYNANTE all CF CG CK CL

subject 72.60 72.31 70.27 87.93 66.10
PPadjunct 32.86 32.50 23.08 45.45 38.46
object 66.01 56.36 60.00 71.95 72.22
other 70.90 57.38 77.48 78.08 58.11

FORMANTE all CF CG CK CL

definiteNP 31.89 43.37 24.36 46.97 23.64
indefiniteNP 50.12 61.05 35.34 66.25 45.45
personalpronoun 85.44 73.08 93.39 90.29 83.52
possessivepro. 83.48 67.95 89.65 86.31 85.22
propername 47.51 46.51 18.18 58.62 45.28

Table7.13.Pronounfrequenciesfor all valuesof syntacticfunction(SYN), syntacticfunctionof
theantecedent(SYNANTE), andform of theantecedent(FORMANTE). italics: not significant
at p [ 0.01
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Class Person Group [+anim] PhysObj Loc [-anim,-abs]] deadend 17.28 46.09 20.86 65.46 63.25 34.90] pronouns 63.39 28.41 59.04 10.17 5.65 9.42] pron. in sequences 79.42 60.93 78.01 38.89 20.78 35.56

Class Event Action State Prop. Concept Time [+abs]] deadend 88.00 84.10 87.78 88.52 79.93 92.93 84.07] pronouns 6.00 6.16 3.22 2.46 6.89 0.32 5.28] pron. in sequences 60.00 45.28 39.13 42.86 42.01 7.14 41.30

Table 7.14. Pronominalisationof discourseentitiesfrom differentsortalclasses.] deadend
and ] pronounsaregivenrelative to the total numberof discourseentitiesin a class,the last
row is relative to all non-firstmentionsof discourseentitiesfrom a class.Bold: no significant
deviation from meanpercentageoverall sortalclassesat p [ 0.01

Overall,the[ _ animate]distinctionthattheliteraturehasbeenfocusingonindeedappearsto
bethemostimportantone.Morecomplex ontologies,evenif they areassmallasours,will not
necessarilytell usmorepreciselywhento pronominalise.If weexaminedanaphoricdevicesin
general,wecoulddeterminewhy thisis so:arelocationsandtimesjustdispreferredantecedents
for pronouns?Or arethey lesslikely tobeantecedentsof anaphoricdevicesin general,nomatter
whetherpronounor adverb? To what extent is this patternthat somediscourseentitiesfrom
somesortalclassesaremuchmorelikely to bereferredbackto thanotherslanguage-specific?
Theseanswersare left to future work, for which othercorporamay be necessary. Here,we
focuson layingsomegroundwork concerningpronominalisationin AmericanEnglish.

7.2 DiagnosticPrediction: Logistic Regression

The factors defined in the previous section show strong statistical associationswith
pronominalisation—or, moreprecisely, with a binary variablePRO that codesfor eachrefer-
ring expressionwhetherit is realisedasa pronounor not. Now, we examinewhetherthese
factorscanbeusedto predictwhethera givenreferringexpressionwill bepronominalised.In
otherwords,wewantto know whethertherandomvariablesthatcodethesefactorscanbeused
to predict the valueof an eighthrandomvariable,PRO. In this section,we concentrateon a
methodwhich is particularlyeasyto analyse:logistic regression(c.f. AppendixB.3 andAnder-
sen1990,Agresti 1990,Lindsay1995). Using logistic regression,we canfind answersto the
following threequestions:

Question1: How powerful are the factors we have defined? If a factoris powerful, it will
accountfor a significantamountof thevariationin thedataset. Significancecanbetestedby
variousmethods;we useboththeF-test(McCullaghandNelder1983)andthelikelihoodratio
test(Andersen1990,Agresti 1990)here,wherethe teststatisticis equalto thedeviance.The
largertheamountof variationaccountedfor, thehighertheF-score,thehigherthereductionin
deviance. The deviancemeasuresthe distanceof the currentlogistic regressionmodelto the
saturatedmodel,amodelwith perfectfit whereeachcountis modelledby aseparateparameter.
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Suchamodeloverfitsthedataandhasnoexplanatorypoweratall. Thepowerof asinglefactor
F in isolationcanbeestimatedon thebasisof themodel

PRO ` 1 + F(7.1)

A modelcanbeevaluatedusingtheAIC, whichstandsfor “An InformationCriterion” (Akaike
1974).Thelower theAIC, thebetter. Themeasurerewardsa goodfit to thedataandpunishes
modelswith many parameters,which arelikely to overfit thedata.It consistsof thedeviance,
whichcorrespondsroughlyto theamountof unexplainedvariation,andatermthatincorporates
thenumberof degreesof freedomof themodel.Themoredegreesof freedomamodelhas,the
moreproneit is to overfit; thesmallertheamountof unexplainedvariation,thebetterit fits the
data.

If the modeldefinedby Equation7.1 hasa low AIC, the factorF is powerful; it explains
a greatamountof the variation in the data. For example,DIST is clearly the mostpowerful
criterion,while SYN andCOMPANTE arerelatively weak(Table7.15).

Whenthemodelconsistsof severalfactors,thesizeof thecontribution of a factordepends
crucially on thosefactorsthatarealreadyin themodel: if two factorsX, Y arenot orthogonal,
if they accountfor similaraspectsof thevariationin thedata,thentheeffectof X will bemuch
lessdramaticwhenY hasalreadybeenincludedinto themodel,andvice versa.For example,
FORMANTE coversmuchof thevariationthatDIST canexplain (c.f. Table7.17).

Question2: Which factors arenecessaryfor prediction? In orderto evaluatetherelevance
of eachfactor, we usesimpleforward selection(Agresti1990,VenablesandRipley 1997).We
startwith themostparsimoniousmodelPRO ` 1, which alwayspredictsthedefault value,in
this case,“full NP”. Our aim is to find themodelPRO ` 1 + Fa + bDbOb Fc with the lowestAIC.
Fa is thefactorwhich reducestheAIC (Eq. B.9, page268)of thebasemodelPRO ` 1 by the
largestamount,Fd is the factorthatmaximally reducestheAIC of PRO ` 1 + Fa , andsoon,
until theAIC cannotbe loweredanymoreby addinga new term. If you compareTables7.15
and7.16,you caninstantlyspotthefactorsthatwereaddedto themodelfirst: they areprinted
in bold face,becausethey yieldedthe lowestdeviance.AIC addsa penaltyfor thedegreesof
freedomto the deviance,but for the mostpowerful factorson eachdataset,that penaltywas
alwayssmallerthanthedistanceto thenext largestdeviance.Thenumberof parametersof the
modelsin Table7.15is df(F) (thedegreesof freedomof thefactor)+ 1 (for theconstantterm);
theresultingAIC penaltyis thus e>fhg df(F) iZj�k \ elf df(F) ime .
Question 3: Is the influence of one factor on the target variable, PRO, somehow medi-
ated by another factor? In this case,the interactionbetweenthe two factorswill explain a
significantamountof variationthatthetwo factorsin isolationcannotaccountfor.

For example, in Table 7.18, we find that there is a large interactionbetweenDIST and
COMPANTE, the numberof competingantecedents.The rule behindthis is obvious: Do not
pronominaliseif therearecompetingantecedentsin thesameor in thepreviousMCU, evenif
distanceto lastmentionis 0 or 1.

In particular, we would like to know whetherwe canbuild a genre-independentmodelof
pronominalisationwith thefactorswehavedefined.In this context, two questionsarise:
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DataSet AGREE CLASS COMPANTE DIST FORMANTE PAR SYN SYNANTE

CF 1337 1372 1616 805 958 1472 1418 947
CG 821 1020 1365 683 562 1248 1197 676
CK 1471 1480 1968 972 1076 2060 2200 1122
CL 1579 1633 2044 1212 1226 1911 2325 1471

all 5363 5722 7186 3802 3953 6867 7330 4355
AIC +16 +20 +4 +8 +18 +4 +8 +12

Table7.15.Devianceof modelsPRO ` 1 + F. bold: smallestdeviancefor eachdataset,italics:
largestdeviance.Note: this tabledoesnotgivethereductionin deviance,asmostothersdo,but
thedeviancethatremainsunexplainedby themodel.Thesmallerthevalue,thebetter. Thelast
line givesthetermthatyouneedto addto thedeviancein orderto gettheAIC.

1. Doesgenre influencetheassociationsbetweena factorF andPRO?
If yes,thentheinteractionbetweengenreandF in thefollowing modelshouldbesignifi-
cant:

PRO ` F + Genre+ F:Genre(7.2)

Factorsfor which theinteractionF:Genreis not significantarerobust: their influenceon
pronominalisation,heremodelledby thevariablePRO, remainsthesameacrossgenres.

2. CanwepredictPRO equallywell for all genres?
If yes,thenthepercentageof correctlypredictedpronounsshouldbearoundthesame.A
relatedquestionis: Is thereany combinationof featuresthatyieldsoptimalresultsfor all
genres?Wewill focusonthesequestionsin section7.3,whenwediscussexemplar-based
andrule-basedapproachesto pronominalisation.

7.2.1 Powerful Predictors

Themostpowerful factor, thefactorthatexplainsthelargestamountof variationin thedata,is
clearly DIST. Table7.15shows that it is closelyfollowedby FORMANTE. The two weakest
factors,on theotherhand,areSYN andCOMPANTE.

The resultsof the forward selectionexperimentsare summarisedin Table 7.16. On the
completedataset,theprocedureyieldsthesequenceDIST, AGREE, CLASS, FORMANTE, SYN,
SYNANTE, COMPANTE, PAR. Thesequencesfor thegenresshow interestingdifferences.

CLASS doesnot play a role in CG and CL, and FORMANTE, the secondmost powerful
feature,is not neededfor genreCF. We testedon the full datasetwhetherit makessenseto
replaceCLASS by the factor NEWCLASS with the threecategories[+animate],[+abstract],[-
animateo -abstract].ThemodelPRO ` 1 + NEWCLASS hasa devianceof 5918.6andanAIC
of 5924.6. The new factorperformssomewhat worsethanthat for CLASS (Tab. 7.15). But
whenit comesto building a model,NEWCLASS is only insertedafter FORMANTE andSYN.
Although the additionalamountof devianceit canexplain is still significant(p [ 0.001),the
sizeof theeffecthasbecomesmall: 73.5.Table7.14suggestswhy: wehave lost thedistinction
betweenTimesandnon-Times.Within the[+abstract]category, Timeshavespecialstatus;they
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completecorpus CF CG CK CL

Factor Factor Factor Factor Factor
F a DIST 4542 DIST 902 FORMANTE 949 DIST 1446 DIST 1192
Fd AGREE 800 AGREE 105 AGREE 128 CLASS 145 AGREE 262
Fp CLASS 170 SYN 63 DIST 113 AGREE 60 FORMANTE 73
Fq FORMANTE 110 CLASS 32 SYN 42 SYNANTE 18 COMPANTE 18
Fr SYN 64 PAR 3 COMPANTE 3 SYN 12 n.a. n.a.
Fs COMPANTE 32 COMPANTE 3 n.a. n.a. COMPANTE 6 n.a. n.a.
Ft SYNANTE 11 n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

Table7.16.Forwardselectionresults.For eachgenreandfor thecompletedataset,wegivethe
sequencein which thefactorswereaddedaswell asthereductionin deviance.Thegreaterthe
reductionin deviance,thebetter. italics: improvementis not significantat p [ 0.01

arehardlyeverpronominalised.

SYNANTE, which is alsoquitepowerful, is only usedtwice, for thecompletedatasetand
for genreCK. In both cases,its contribution is not significantat p [ 0.01. This indicatesthat
SYNANTE on the onehandandFORMANTE andDIST on the othercover muchof the same
ground.All threefeaturescodeadistinctionbetweenfirst andsubsequentmentions.SYNANTE

and FORMANTE additionally distinguishfirst mentionsof deadendentities,which are only
mentionedonce,from first mentionsof discourseentitieswhich arementionedat leastmore
thanonce. It is the additionalinformation in the featurewhich countshere: the form of the
antecedentascodedin FORMANTE appearsto be moreimportantthanits syntacticfunction.
PAR only occursonce(genreCF), andits contribution is notsignificant.Sinceit is alsonotvery
powerful, judging from Table7.15,we will drop the featurein our future experiments.This
yieldsthemodelin Eq. 7.3:

MF: PRO ` DIST + AGREE + CLASS + FORMANTE + SYN + SYNANTE + COMPANTE(7.3)

Themodelis purelyadditive; it doesnot includeinteractionsbetweenfactors.This approach
allows us to filter out factorswhich only mediatethe influenceof other factors,but do not
exert any significantinfluenceof their own. Resultsof a first evaluationof the full modelare
summarisedin Table7.20. Themodelcanexplain morethantwo thirdsof thevariationin the
completedatasetandpredictspronominalisationquite well on the datait wasfitted on. The
matterbecomesmoreinterestingwhenweexaminethegenre-specificresults.Althoughoverall
predictionperformanceremainsstable,themodelis obviouslysuitedbetterto somegenresthan
to others. The bestresultsareobtainedon CG, the worst on CL (mysteryfiction). In the CL

texts,MCUs areshort,a third of all referringexpressionsarepronouns,thereis no first person
singularnarrator, andmostparagraphswhichmentionpersonsareabouttheinteractionbetween
two persons.

In orderto find out which valuesof thefactorsareparticularlyimportantfor predictingthe
correctvalueof PRO, we examinedtheparametersof eachvaluein the fitted model. All val-
uesof DIST have very strongweightsin all models;this is clearly the mostimportantfactor.
For AGREE, the first andsecondpersonarestrongsignsof pronominalisation,aswell as, to
a lesserdegree,masculineandfemininethird personsingular. Themostimportantdistinction
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excluded fit v explainedvariation
AIC v correct DIST AGREE CLASS FORMA. SYN SYNA. COMPA.

none 2686 92.6 54.4 21.1 5.7 3.8 2.3 0.5 1.1
CLASS 2785 93.3 54.4 21.1 n.a. 4.7 2.8 0.5 1.1
AGREE 2984 92.6 54.4 n.a. 14.3 6.2 2.7 0.6 1.1
DIST 3346 90.2 n.a. 35.8 6.1 32 3 0.8 0.1
DIST + CLASS 3443 90.2 n.a. 35.8 n.a. 33.7 3.4 0.8 0.1
DIST + AGREE 3597 89.6 n.a. n.a. 31.4 35.4 3.1 0.8 0.2
AGREE + CLASS 3098 92.6 54.4 n.a. n.a. 13.1 3.5 0.5 3.6
DIST + AGREE + CLASS 3739 89.4 n.a. n.a. n.a. 52.6 4.0 0.7 1.7

Table 7.17.Effect of leaving outany oneof thethreemostimportantfactorson modelfit. The
deviancevalueis the remainingdeviance;it measureswhat is left unexplainedby the model.
The smaller, the better. italics: significanceis Ww[yx9b<x5z , for all other factors,W{[yx|b}x;x5z or
better.

provided by CLASS appearsto be that betweenPersons,non-Persons,andTimes. This also
holdswhenthe model is only trainedon third personreferringexpressions.For singularre-
ferring expressions,personhoodinformationis reflectedin gender, andgenderis codedin the
agreementfeature.But sinceEnglishdoesnot distinguishgenderin plural forms,AGREE can-
not replaceCLASS for plural referringexpressions.Anotherimportantinfluenceis theform of
theantecedent.Thesyntacticfunctionof thereferringexpressionandof its antecedentareless
important,asis ambiguity.

In orderto examinein moredetailhow importanteachfactoris,wefittedthemodelfromEq.
7.3on thecompletedataset,omitting oneor moreof thethreecentralfeaturesDIST, AGREE,
andCLASS. Theresultsaresummarisedin Table7.17.Themostinterestingfinding is thateven
if we excludeall threefactors,predictionaccuracy only dropsby 3.2] . This meansthat the
remaining4 factorsalsocontainmostof the relevant information,but that this informationis
codedmore“efficiently”, soto speak,in thefirst three.

How importantis sortalclass,which was,asthe discussionin AppendixC shows, rather
costlyto annotate?

Well, remarkablyenough,whensortalclassis omitted,accuracy increasesby 0.7] . The
increasein AIC canbeexplainedby adecreasein theamountof explainedvariation.A third re-
sult is thatinformationabouttheformof theantecedentcansubstitutefor distanceinformation,
if thatinformationis missing.Both variablescodethecrucialdistinctionsbetweenexpressions
thatevokeentitiesandthosethataccessevokedentities.Furthermore,apronominalantecedent
tendsto occuratadistanceof lessthan2 MCUs. Thecontributionof syntacticfunctionremains
stableandsignificant,albeitcomparatively unimportant.

AlthoughDIST is clearlythedominantfeature,thereareconsiderableinteractionsbetween
DIST and the six other factors. For eachfactor F, we constructa model PRO ` DIST + F
+ DIST:F andexaminethe reductionin deviancethat eachterm yields. The resultsaresum-
marisedin Table7.18. DIST interactsstronglywith COMPANTE: the higher the ambiguity,
thelesslikely it is thatanentity will bepronominalised,regardlessof distanceto lastmention.
Interestingly, thereis almostno interactionwith thetwo syntacticfactors,SYN andSYNANTE.
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FactorF Interaction
Name df Deviance Deviance Significance
AGREE 7 800.2 78.6 p [ 0.001
COMPANTE 1 327.0 156.5 p [ 0.001
CLASS 9 542.3 76.5 p [ 0.001
FORMANTE 7 498.5 60.4 p [ 0.001
SYN 3 205.8 20.7 no
SYNANTE 4 147.8 8.5 no

Table7.18.Devianceof TermsF andDIST:F in modelDIST + F + DIST:F. For all factors,the
reductionof devianceis significantat p [ 0.001.Thedegreesof freedom(df) of DIST are3, the
degreesof freedomof theinteractionsare3 ~ df(F)

Name # cat. AIC F-ratios � d df� c Genre
� c :Genre

DIST 4 3704.6 1521.0 30.3 4.3 492 9
FORMANTE 9 3889.7 560.0 16.6 3.8 674 24
SYNANTE 6 4263.5 815.0 31.8 3.1 928 15
AGREE 8 5260.5 377.0 32.2 3.1 1219 21
CLASS 10 5585.6 306.1 44.0 3.5 1860 27
COMPANTE n.a. 7009.6 92.9 2.2 2.9 757 3
SYN 4 7164.5 344.9 25.0 14.1 2138 9

Table7.19.Factorsin pronominalisation.# cat: numberof categories(exceptfor COMPANTE,
which is ordinal). For COMPANTE, � d ( � c ,Genre)is Kruskal-Wallis � d . italics: value not
significantat W�[mx|b<x9j .
Both factorsreducedeviancelessthanany of the other four. This suggeststhat mostof the
relevantinformationthatthey contributeis alreadyimplicit in theDIST variable.

7.2.2 The Influenceof Genre

The frequency of pronounsin our datavariesgreatlywith genre(Table7.4). The distribution
of ourpredictorfeaturesis alsoaffectedsignificantlyby genre,asthe � d -testsreportedin Table
7.19 show. Tables7.13 and7.9 documentthe effect of threefeatureson pronominalisation,
both for the completecorpusand for eachgenre. DIST allows two very robust andgeneral
predictions:pronounsshouldnotbeusedasfirst mentions,andanaphorawithin thesameMCU
shouldbe realisedaspronouns. Intersententially, preferencesaremorevariable. The values
of SYN, on theotherhand,yield no clearpredictionsbeyonda tendency to avoid pronounsin
adjunctor directobjectposition;moreover, this tendency is subjectto stronggenreinfluences.

For eachof thesevenfeatures,Table7.19shows theAICs of themodelsPRO ` Cc + G +
Cc :G andtheF-ratiosof eachmodelterm. Themostpowerful featureis clearlyDIST, with the
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Model testdata set
CF CG CK CL all

MF 92.2 96.7 91.8 91.0 92.6 _ 0.0
MF without CLASS 92.4 96.8 91.7 90.7 93.0 _ 0.0
MP 91.9 96.1 91.4 90.1 92.6 _ 0.0
MPR 91.7 96.0 91.7 90.0 92.6 _ 0.0

Table7.20.Performanceof logistic regressionmodels.bold: bestmodel

lowestAIC andthe largestF-ratio of all. COMPANTE, oneof the weakestfactors,is surpris-
ingly robust: the interactionbetweenthat featureandgenreis not significant. The additional
amountof variationexplainedby GenreandCOMPANTE:Genreis notevensignificant.Further
logistic regressionexperimentsshow that onceDIST hasbeenincludedinto a model,neither
FORMANTE norSYNANTE explainsalargeamountof theremainingvariation.Instead,AGREE

andCLASS becomeimportantterms.Althoughneithervery robustnor very powerful, AGREE

is theonly featurethatallows to predictthefirst andsecondpersonpronouns.CLASS is both
lesspowerful thanAGREE, andcoverslessgenre-relatedvariation(GenreF-ratio for AGREE:
32.2, GenreF-ratio for CLASS: 44.0). SYN is the leastrobust featureof all seven, with an
F-ratiofor SYN:GENRE of 14.1.

Theseresultssuggesttwo alternativesto the modelMF in Eq. 7.3: A modelwhich only
takesinto accountthemostpowerful features(MP), anda modelthatcombinespowerful and
robustfeatures(MPR).Thetwo modelsaredefinedby thefollowing equations:

MP: PRO ` DIST + FORMANTE + AGREE + COMPANTE(7.4)

MPR: PRO ` DIST + FORMANTE + SYNANTE + AGREE(7.5)

Table7.20comparestheperformanceof thefull modelMF, thefull modelwithoutCLASS, MP,
andMPR. The modelswereevaluatedfirst by ten-fold cross-validationon the completedata
set. For thecross-validation,thedatasetwasdivided into tenparts. In turn, eachof theseten
partsserved astestset,while the othernine formedthe trainingset. Table7.20reportsmean
andvarianceof the resultson the testsets. We evaluatedgenre-independenceby training on
threegenresandtestingon thefourth. Table7.20shows thateliminatingCLASS improvesthe
performanceof thefull model. Apparently, thefine-grainedclassdistinctionsallow themodel
to overfit thetrainingdata.MP alsogeneralisesslightly betterthanMPR,althoughCOMPANTE,
which wasthe mostrobust predictor, is muchlesspowerful thanSYNANTE. The differences
betweenthefour modelsareall greaterthantwo standarddeviations.

7.3 Predicting Pronominalisation

We have seenthat we needto supplementDIST by a numberof other featuresif we want to
modelthepronominalisationpatternsin thedataadequately. Now, wewill explorewhetherwe
canuseour knowledgeaboutinfluenceson pronominalisationfor improving the performance
of classifierswhich areto learntheclassificationtask.We areparticularlyinterestedin finding
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powerful and robust features:While powerful featuresshouldsignificantly increaseaverage
performanceonthetestset,robustfeaturesshouldconsistentlyboostperformancewhentraining
andtestdatais not from thesamegenre.We cannotexpectthatthebestfeaturesetfor logistic
regressionwill alsobe the bestfeaturesetfor an arbitraryMachineLearningalgorithm. The
algorithmsin thefield differ toomuchin thepropertiesof thedatasetthatthey canmodel.

In MachineLearning,therearetwo main approachesto featureselection:Filtering deter-
minespotentialgood factorson the basisof statisticaldataanalysis,while in wrapping, the
spaceof all possiblefeaturecombinationsis searchedfor an optimal combinationby training
theclassifierwith many differentfeaturesets.However, if we needto find anoptimal feature
set,we needto usewrapping(Kohavi andJohn1998).1

In this section,we combinefiltering andwrappingin orderto determinefeaturesetswhich
allow us to predict whethera referringexpressionshouldbe pronominalised.We start with
DIST, our measureof entity status,andthe mostpowerful predictoraccordingto the logistic
regressionmodels.COMPANTE is not includedby defaultbecauseits predictivepower is rather
low.

1. How well do the classifiersperformjust on the basisof DIST? (This is the “filtering”
componentof featureselection:DIST wasfilteredfrom theoriginalsetof ninepredictors
on thebasisof logistic regressionanalysis.)

2. Which combinationof thesix featuresSYN, SYNANTE, CLASS, FORMANTE, AGREE,
andCOMPANTE givesthegreatestboostto thisbaselineperformance?(Thisis the“wrap-
ping” componentof featureselection.)

3. How doestheoptimalcombinationvaryacrossgenres?Are thereany featureswhich are
includedparticularlyoften? And what canthe logistic regressionmodelstell us about
thesefeatures?

We experimentedwith two different approachesto Machine Learning: exemplar-based
learning,representedby IB1(-IG) (Aha, Kibler andAlbert 1991,Daelemans,van denBosch
andWeijters1997)andrule induction,representedby RIPPER(Cohen1995). Thealgorithms
IB1(-IG) andRIPPERwerechosenbecausethey arewidely usedin theComputationalLinguis-
ticscommunity. Bothalgorithmscandealwith categoricalaswell asordinalandinterval-scaled
features,althoughthe similarity measureof IB1(-IG) is gearedto categorical data. Therefore
only theeffectof categoricalfeaturescanbereasonablycomparedacrossalgorithms.Thealgo-
rithmsaredescribedin moredetail in Sections7.3.1and7.3.2togetherwith theresults.

We trainedthealgorithmsusingninedifferentsetupsfor ourdata:

SetupA: 10-fold cross-validationon the completedataset. This setupshows how well the
algorithmsfarewhenthey haveno informationaboutthegenreof a text.

SetupsCF, CG, CK, CL: 10-fold cross-validationon the4 genre-specificdatasets.Thesefour
setupsreveal whetherthe algorithmsperformbetteron somegenresthanon others. It
alsoestablishesoptimalfeaturesetsfor eachgenre.

1It is beyondthescopeof thethesisto discussfeatureselectiontechniquesin detailhere.
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SetupsTCF, TCG, TCK, TCL: train on all datafrom threegenres,test on all datafrom the
fourth. Thesefour setupstestportabilityacrossgenres.

We judgedthe performanceof eachalgorithmaccordingto four measures:classification
accuracy, pronounrecall, NP recall, and the numberof falsepositives. Thesemeasuresare
definedby thefollowing setof equations:

Accuracy
\ (# correctlypredictedpronounsandfull NPs)

(# referringexpressionsin thecorpus)
(7.6)

PronounRecall
\ (# correctlypredictedpronouns)

(# pronounsin thecorpus)
(7.7)

NP Recall
\ (# correctlypredictedpronouns)

(# pronounsin thecorpus)
(7.8)

FalsePositives
\ (# pronounspredictedinsteadof full NPs)

(# referringexpressionsin thecorpus)
(7.9)

Sinceapronouncontainslessinformationaboutpotentialantecedentsthana full NP, it is more
difficult to resolve. Thereforeit is betterto have few falsepositivesthanahighpronounrecall.

We alsoexploredhow the parametersettingsof the algorithmsinfluencethe performance
of the resultingclassifier. Ideally, onewould performsuchexperimentsusinga validationset
for testingwhich is different from both the training and the test data. Our corpuswas not
sufficiently largefor this. As aresult,theparametersettingsarein asenseoptimisedfor thetest
dataweworkedwith.

7.3.1 Instance-BasedLearning

The Algorithm: Thebasicalgorithmis quitesimple:Storeevery instancein thetrainingdata
in anexemplarbase.Whennew instancesneedto beclassified,comparethemto theinstancesin
theexemplarbaseandassignthenew instancestheclassof themostsimilar instance(s).Each
instanceconsistsof a description,which canconsistof feature-valuepairs,plus the classor
category thathasbeenassignedto thatinstance.For pronominalisation,we representinstances
asfeature-valuepairs,andtheclassesare“Pro” and“full NP”.

This simplealgorithmlies at theheartof all instance-basedlearning(IBL) techniques,and
many papershave proposedextensionsand modificationsto it. Aha et al. (1991) call that
baselinealgorithmIB1. All versionsof IBL sharetheassumptionthatsimilar instancesshould
belongto similarclasses.They differ on threegrounds(Ahaet al. 1991,page40):� the similarity function: This function is crucial to the successof the algorithm. Many

schemeshave been proposedfor weighting featuresaccording to their importance
(Wettschereck,Aha andMohri 1997). In IB1-IG (Daelemanset al. 1997),the features
areweightedaccordingto their informativity.� theclassificationfunction: This functiondeterminestheclassof thenew instanceon the
basisof the similarity judgementsfrom the similarity function. It can be extendedin
variousways:only takethemostsimilar instanceinto account,organiseavoteamongthe
the � mostsimilar instances,keeptrackof how oftenaninstancefrom theexemplarbase
helpedclassifyanew itemcorrectly, andsoon.
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beincludedinto theexemplarbase.

Exemplar-basedapproacheshave beendevelopedfor many taskssuch as grapheme-to-
phonemeconversion(van denBosch1997),parsing(Bod andScha1997),word-sensedis-
ambiguation(Veenstra,van denBosch,Daelemans,BuchholzandZavřel 2000),andrelative
pronounresolution(Cardieto appear). Daelemans,van denBoschandZavřel (1999)have
shown that instance-basedlearningalgorithmsareparticularlywell suitedfor naturallanguage
learning,becausein mostsuchlearningtasks,thecategoriesdo not form large clustersin the
spaceof all possibleinstances.Instead,they arescatteredinto many clustersboth small and
large,correspondingto regularities,sub-regularities,andplain irregular instances.They show
thata versionof thebasicIB1 algorithmwherethecontributionsof eachfeatureareweighted
with its informationgain(IG) outperformsIB1 on many naturallanguage-relatedtasks.

Informationgain is a quantitative measureof the information that a predictorvariable �
containsaboutthe valueof the target variable

�
. The entropy H(

X
) of a variable

X
codes

the informationit conveys. Themoreuncertainwe areaboutthevalueof a variable,themore
informative it is. Theentropy is definedasfollows:� g X k \w����� W�g X�\ Y9k|���;��W�g X�\ Y9k(7.10)

H(
��� � \ Y ) measurestheuncertaintythatremainsaboutthevalueof thevariable

�
if weknow

thatvariable � hastakenon value Y . To computetheinformationthat � conveys about
�

, we
justneedto sumuptheH(

��� � \ Y ) for all valuesY of � . Now, wecandefineinformationgain
asfollows:

Definition 7.1(Inf ormation Gain) TheInformationGain IG(P,C) describesthe reductionin
theentropyof H onceweknowthevalueof P.��� g���� � k \�� g � k � ��� W�g�� \ Y9k � g ��� � \ Y|k(7.11)

Theinformationgainof featureswith many valuesis potentiallyhigherthanthatof features
with few values,but many valuesare not necessarilybeneficialto learning,sincethe more
valuesa featurehas,thehigherdimensionalthefeaturespace,andthemoredifficult inductive
learningbecomes.Thereforewe will usegain ratio (GR) insteadof IG here. GR is givenby
theequation ��� g���� � k \ �9� g���� �� g���k(7.12)

Results: Theinstance-basedlearningresultsweregatheredusingtheTiMBL package(Daele-
mans,Zavřel, van derSloot andvan denBosch1999). First, we explorehow theparameter
settingsof the algorithmaffect its performance.We concentrateon two adjustments:differ-
ent neighbourhoodsizes(parameterk, values1,3,5)andgain ratio weightingasproposedby
(Daelemanset al. 1997). In orderto determineif theseadjustmentshave any significantef-
fectsonour resultsmeasures,weconductedANOVAs for all four measuresandall ninesetups.
Theinfluenceof gainratioweightingis alwayssignificant(p [ 0.001),aswell astheinteraction
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no Gain Ratio Gain Ratio overall
k=1 k=3 k=5 k=1 k=3 k=5 k=1 k=3 k=5 noGR GR

accuracy 91.84 91.47 91.34 91.86 91.94 91.97 91.85 91.71 91.66 91.55 91.93
falsepositives 4.10 4.61 4.81 4.05 3.95 3.89 4.08 4.28 4.35 4.51 3.96
pronounrecall 84.92 83.06 82.34 85.11 85.49 85.69 85.01 84.76 84.01 83.44 85.43
NP recall 94.43 94.62 94.71 94.39 94.36 94.32 94.41 94.49 94.52 94.59 94.36

Table 7.21. Performanceof IB1 with/without Gain Ratio weightingandfor differentneigh-
bourhoodsizes

CF CG CK CL TCF TCG TCK TCL

accuracy - noGR 90.65 94.68 90.99 88.80 90.55 94.32 90.63 88.44
accuracy - GR 91.49 95.37 91.94 89.27 91.04 94.68 91.20 88.96
pronounrecall- noGR 69.32 76.64 85.69 84.98 78.37 79.83 81.88 85.39
pronounrecall- GR 75.53 83.11 88.58 86.68 82.68 86.69 83.69 87.23

Table 7.22.Averageeffectof gainratio weightingfor differentgenres

betweenpresenceof weightingandneighbourhoodsize(p [ 0.001)In mostcases,we alsofind
a significanteffect of neighbourhoodsize. Table7.21illustratesthe typical sizeanddirection
of theseeffects. Gain ratio weightingclearly improvesthe performanceon pronouns:there
are0.5] lessfalsepositivesand2] morecorrectlyrecalledpronouns.TheNP recall,on the
otherhand,dropsslightly. Theweightingalsoreducesperformancevariationwhentheneigh-
bourhoodsizeis varied.Indeed,withoutweighting,nearestneighbourconsistentlyoutperforms
k=3 andk=5—exceptfor NP recall. With weighting,this effect is exactly reversed:now, k=5
outperformsthetwo othersizes,except,again,for NPrecall.

For the genre-specificdatasets,we almostalwaysfind stronginteractionsbetweenGenre
andweighting(p [ 0.01). The only exceptionaretheaccuracy resultson the tasksTCF, TCG,
TCK, and TCL. Although weighting always increasesperformance,the size of thesegains
varies.Table7.22shows thattheimprovementsarelargestfor genresCF andCG. For example,
pronounrecall is increasedby 6.86percentagepointsfor taskCG, andby 6.47 for TCG. For
CL andTCL, this gaindwindlesto 1.7 and1.84percentagepoints,respectively. Theeffect of
neighbourhoodsizeis alsomediatedby Genre—sometimes,not k=5 givesthebestresults,but
k=3 or k=1. For instance,theaverageaccuracy on taskTCG with weightingis 94.72] for k=1,
94.68] for k=3, and94.63] for k=5. Theseresultsareinteresting:Not only doeseachgenre
appearto requirea specificcombinationof input features,but the optimal parametersof the
learningalgorithmalsochangewith genre.In particular, somegenresaremoresusceptibleto
smallneighbourhoodsthanothers.

In the following, we will discussthe resultsfor IB1-IG with Gain Ratio weighting and
neighbourhoodsizesof k=5 andk=1. Wewill focuson theresultsfor k=5, sincethatparameter
settingresultsin alargerfeatureset.Weonly reportaccuracy, sincethenumberof falsepositives
andpronounrecallbothcorrelatepositively with accuracy.

Table7.23summarisesthe performanceof IB1-IG on the nine tasks. For eachfactor, we
determinedwhetherit hasa significantinfluenceon accuracy usingan ANOVA. Overall, the
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exemplar-basedapproachperformsaswell asrule inductionor logistic regression.It succeeds
in capturingmany of the relevant regularitiesthatdeterminewhena pronounwill beusedin-
steadof anNP. ThemostimportantfactorsareAGREE, FORMANTE, andCOMPANTE. Includ-
ing themimprovesperformancesignificantlyfor six to seven of the nine tasks. Comparedto
resultsfor k=1, givenin Table7.24,we find thatk=5 only improvesresultsfor two genres,CG

andCL, while thevariationin performanceincreases.Increasingtheneighbourhoodsizeusually
makesinstance-basedclassifiersmorerobustandincreasesperformance,aslong astheneigh-
bourhoodis homogeneousenough(DudaandHart 1973,Aha et al. 1991).As a consequence,
morefeaturescanform thebasisfor theclassificationdecision.Theclearpreferencepatternof
AGREE, COMPANTE, andFORMANTE thatwe find for k=5 is conspicuouslyabsentfor k=1,
which doesnot tolerateadditionalfeaturesaswell. Two featuresareusedfar morefrequently
with k=5 thanwith k=1: COMPANTE, themostrobustpredictor, andSYNANTE, thethird most
powerful factor. But SYNANTE almostnever hasa significantpositive effect on performance,
whereasCOMPANTE is highly usefulfor 6 of the9 tasks.

To getanideaof thetypeof mistakesthattheinstance-basedclassifiersmake,weexamined
which instancesin the test set are misclassified,and which featurevaluescauseconsistent,
typical errors. Sincewe used10-fold crossvalidation, the union of all 10 testsetsgivesthe
original dataset.All percentagesreportedbelow werecomputedfor theunionof all testsets.

On taskA, whereall genreswerepooled,the baselinevaluesareacceptable:4.6] of all
full NPs are mistakenly classifiedas pronouns,and 14.5] of all pronounsare misclassified
asfull NPs. In general,thereis a cleartendency to classifya given referringexpressionasa
full NP. A moredetailedanalysisshows that the classifieris hinderedby the strongdistance-
baseddefaults.80.5] of all nounswhoseantecedentappearsin thesameMCU aremistakenly
classifiedaspronouns;for nounswith anantecedentin thepreviousMCU, that rateis 55.3] .
Furthermore,only 22.3] of all first-mentionpronounsareclassifiedcorrectly. Thedataclearly
doesnotcontainenoughinformationto offsetthesestrongdistancedefaults.Anothersourceof
treacherousdefaultsis FORMANTE. In 55.5] of all caseswherefull NPshave a pronominal
antecedent,the systemgeneratesa pronouninsteadof a full NP. For AGREE, the effects of
thedefaultsarenot asstrong.Becausemostthird personneutersingularentitiesarefull NPs,
41.7] of all third personneuterpronounsarenot predictedcorrectly. We find the reversefor
third personsingularfeminine: Here,mostmentionsarepronouns,and26.4] of full NPsare
mistakenlypronominalised.

The samepatternscanbeobserved for thegenre-specifictasksCF, CK, andCL, who have
a high percentageof third-personpronouns. Most full NPswith antecedentsin the sameor
previousMCU areconfusedwith pronouns(CF: 74.7] , CK: 89.3] , CL: 73.2] ). For CL, 79.3]
of all full NPswith pronominalantecedentsaremisclassified,andfor CK, 70.0] . The only
exceptionis CG, thegenrewith thehighestpercentageof full NPs.Here,themisclassifications
dropto 26.0] for full NPswith nearbyantecedents,andto 35.3] for full NPswith pronominal
antecedents.

7.3.2 Rule Induction

The Algorithm: Ruleinductionalgorithmssearchfor rulesto performthetaskthey aresup-
posedto learn. They extract the rulesfrom thepatternsthey find in their trainingdata. Some
algorithmscanalsobe bootstrappedwith previous knowledge(PazzaniandKibler 1992). A
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IB1-IG—k=5
DataSet DIST only DAFA bestoverall accuracy

accuracy featuresincluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE

all 90.1   1.0 92.7   0.8 92.7   0.9 X X X X - X
CF 91.5   2.2 91.2   1.0 92.9   1.3 X X - - X -
CG 91.6   2.2 95.7   1.5 96.6   1.7 X X - X X -
CK 90.7   1.9 92.2   1.9 93.0   2.1 X - - - - X
CL 86.8   2.2 90.5   1.9 90.9   1.4 X X X X - -
TCF 91.1 91.3 92.7 X - - - - X
TCG 94.7 95.7 96.1 X X - X - X
TCK 90.7 92.2 92.3 - X - X - X
TCL 86.8 90.1 90.6 X X X X - X

Table 7.23. Resultsfor IB1-IG with k=5. For resultsthat wereobtainedwith 10-fold cross-
validation, the standarddeviation is given as well. DAFA: accuracy for featureset DIST,
AGREE, FORMANTE, COMPANTE. X signalsthat the accuracy improvementsachieved by
includingthat featurearesignificant.An X indicatesthat thefeaturebelongsto thefeatureset
which yieldedthe reportedmaximalperformance,a minus indicatesthat the featurewasnot
included.Bold face:theinfluenceof a featureon accuracy is significant(ANOVA, p [ 0.01)

IB1-IG—k=1
DataSet Dist only DAFA bestoverall accuracy

accuracy featuresincluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE

all 90.1   1.0 92.7   0.8 92.7   0.8 X X - X - -
CF 91.4   1.8 91.0   1.0 93.0   1.7 X - - - X -
CG 95.2   1.8 95.8   1.4 96.2   1.2 X - X X - -
CK 90.7   1.8 91.8   1.7 93.0   0.2 X - - - - X
CL 86.8   2.1 90.2   1.8 90.6   1.5 - - X X - -
TCF 91.1 91.8 93.0 X - - - - X
TCG 94.7 96.1 96.1 X X - X - -
TCK 91.1 91.1 92.3 - X - X - -
TCL 89.0 89.5 90.6 - - X X - -

Table 7.24. Resultsfor IB1-IG with k=1. For resultsthat wereobtainedwith 10-fold cross-
validation, the standarddeviation is given as well. DAFA: accuracy for featureset DIST,
AGREE, FORMANTE, COMPANTE.
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popularfamily of rule inductionalgorithmsthat includesCART (Breiman,Friedman,Olshen
andStone1984)andC4.5/5.0(Quinlan1993,Quinlan1996)representtheserulesasdecision
trees.Whentherulesarerepresentedassets,thealgorithmhasto specifythesequencein which
they have to beapplied.Therulesthatarelearnedcanbein variousformats,procedural“if bObOb
then” rulesor Prolog-styleHorn clauses,asin InductiveLogic Programming(ILP, Muggleton
andDe Raedt1994,Bratko andMuggleton1995,Wrobel 1996). Rule inductionalgorithms
canbeevaluatedby theirperformanceonunseendata,andby having expertsexaminetherules
thatthey generated(Langley andSimon1995).Wewill usebothevaluationmethodshere.

Thealgorithmweusehere,RIPPER(Cohen1995,Cohen1996),buildsonQuinlan’s(1990)
FOIL, which learnsfirst-orderrules,andFürnkranzandWidmer’s (1994)IREP, an algorithm
for generatingsmallandconciserule sets.Thealgorithmgeneraliseswell: it performsaswell
asC4.5rules(Quinlan1993)ona setof 37 benchmarkproblems,but is considerablyfaster.

RIPPERtakesthemostfrequentcategoryof thetargetvariableasdefault,andtriesto model
theconditionsunderwhich the lessfrequenttargetsoccur. If thetargetvariablehasmorethan
two categories,it first inducesrulesfor predictingtheleastfrequenttargetcategory, thenrules
for the secondleast frequent,and so on, until it reachesthe most frequentcategory, which
becomesthe default. In our case,the default is “full NP”, the category that is predictedis
“Pro”. Full NPsareanaturaldefault. Not only arethey muchmorefrequentin thedatasetthan
pronouns,they arealsosemanticallyricherandlessambiguous.

Furtherdetailsof thealgorithmaresketchedin Figure7.4.TherulesthatRIPPERgenerates
have theformat

TARGET ¡ � CONDITION a�o¢bDbOb�o CONDITION £(7.13)

For categorical predictorvariablesX, conditionshave the form X=x c , wherex c is oneof the
possiblevaluesof X; for ordinalandinterval-scaledvariables,wehaveX [¥¤ or X S ¤ , where¤
is athresholdfrom thedataset.If only positiverulesareallowed,thenonly theseconditionscan
occurontheright handsideof arule,if negativerulesareallowed,aswell, thentheseconditions
canalsooccurin negatedform, e.g.asX!=x c . To classifyanew instanceaccordingto therules
generatedby RIPPER,theexampleis testedoneachrule in turn,startingwith thefirst one.The
rulesareorderedaccordingto thenumberof examplesthey coveredin thetrainingdata.If the
conditionsof a rulematchtheinstance,it is assignedthetargetcategory. If norulematches,the
default category is assigned.

Sincetheform of RIPPER’s rulesis relatively simple,andsincetheoptimisationpassdoes
notcheckwhethersomeof thegeneratedrulesarenot in factsubsumedby amoregeneralone,
therulesetsthatRIPPERgenerateswill notbeoptimalfor all learningtasks,andit cancontain
its shareof redundancies,aswewill seein thefollowing paragraphs.

Results: Thetaskof RIPPERwasto inducerulesfor predictingtheoccurrenceof pronouns.
Ruleswerenot forcedto cover a minimal numberof examples,andredundantruleswerenot
allowed.Weexperimentedwith two parameters:thetypeof allowedrules(positiveor negative),
and the loss ratio, which is definedas the ratio of the costof a falsenegative to the costof
a falsepositive. Sincefalsepositives (pronounsin the wrong place)are lessdesirablethan
falsenegatives(omissionof pronouns),weonly experimentedwith positive lossratios.We did
not performan exhaustive searchof the parameterspace;instead,we trainedRIPPERon the
completedatasetfor thelossratios1(default),1.25,1.5,and2. Table7.25showsthatpermitting
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Input: dataset,numberof iterationsk
Processing:

while numberof iterations[ k do
generaterule setfor each targetcategoryC (exceptdefault):

while (therulesethasnotgrown toocomplex)
and (therearestill positiveexamplesfor category

C whicharenotcoveredby any rule in theruleset)do
split trainingdatainto growing andpruningdata
generatea new rule:
while therule still coversnegativeexamples

addtheconditionwith thehighestinformationgain
on thegrowing data

prunethenew rule:
deleteany final sequenceof conditionsfrom thenew rule
choosetheversionthatmaximisesthepruningmetric
on thepruningdataset

removeall positiveexamplescoveredby thenew rule from thetrainingdata
for eachrule from therule set

testwhetherit shouldbereplacedby anew rule or
revisedby addingmoreconditions

Output:setof rulesorderedaccordingto coverage

Figure 7.4. Outline of the RIPPERk algorithm. Positive examplesareexampleswhich have
beenclassifiedunderthe target category C, negative examplesare examplesthat have been
classifiedunderany of theothercategories.Thecomplexity of therulesetis measuredin terms
of total descriptionlength. The categoriesareorderedaccordingto their frequency: the least
frequentis modelledfirst, themostfrequentbecomesthedefault.
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only positiverules positiveandnegativerules
l=1 l=1.25 l=1.5 l=2 l=1 l=1.25 l=1.5 l=2

median 91.96 92.17 91.83 91.70 92.25 92.00 91.97 91.56
minimum 90.11 90.11 89.55 89.73 89.90 90.11 89.80 88.55

Table 7.25. Accuracy for differentrule typesandlossratios. Resultsarebasedon the mean
performancein 10-foldCV runsover thecompletedataset.

RIPPER—negative and positive rules, testdata
DataSet Dist only DAFA bestoverall accuracy

accuracy featuresincluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE

all 90.1   1.4 92.9   1.2 93.1   1.0 X X X X X X
CF 91.5   2.1 92.3   1.4 92.7   2.0 X X - - X -
CG 91.6   1.7 96.2   0.9 96.7   1.2 X - - X X -
CK 90.7   2.3 92.8   1.6 93.1   1.3 X X X X - X
CL 86.8   1.6 90.8   0.8 91.0   0.8 X X - X X X
TCF 91.5 91.1 92.2 X - X - X -
TCG 91.6 94.6 96.3 X X X X - -
TCK 90.8 92.4 93.2 - X X X X X
TCL 86.8 90.1 91.2 X X X X - -

Table7.26.Resultsfor RIPPER,l=1.25,positiveandnegativerules,on thetestset.
For resultsthatwereobtainedwith 10-fold cross-validation,thestandarddeviation is givenas
well. DAFA: accuracy for featuresetDIST, AGREE, FORMANTE, COMPANTE. Bold face:the
influenceof a featureonaccuracy is significant(KruskalH-test,p [ 0.01)

negative rulestendsto increaseaccuracy. The lossratio is not asimportantfor performance.
Our small-scalesearchindicatesthat1.25is agoodvalue.

The resultsfor lossratio 1.25with negative andpositive resultsaredocumentedin Table
7.26.IncludingAGREE, COMPANTE, andFORMANTE almostalwaysboostsaccuracy. CLASS,
SYN, andSYNANTE arealsofrequentlyincluded,but they arenotasrelevantfor performance.
Table7.27demonstratesquite nicely that the consistentpatternof AGREE, COMPANTE, and
FORMANTE only emergeswhenwe take generalisationinto account—nomatterif we teston
datafrom thesamegenre(s)asthetrainingdataor if we teston differentgenres.If we merely
takeinto accountperformanceonthetrainingdata,themostimportantfeaturesareFORMANTE,
SYNANTE, andAGREE. Thesearealsothe threemostpowerful featuresafter DIST in Table
7.19.SYNANTE is only dethronedby COMPANTE whenwedeterminethebestfeatureson the
basisof thetestdataset.

Themain increasein accuracy comesthroughthetransitionfrom DIST only to DAFA. For
tasksA, CF, CK, andCL, theperformanceincreasefrom DAFA to thebestfeaturesetis below
0.5] , for TCF, TCG, TCK, andTCL, it is somewhathigher- around1] . It appearsthat for the
T-tasks,somenecessaryrulesarejust notgenerated,becausetherelevantpatternsaretooweak
in the training data. Table7.28shows that we find similar patternsif we only allow positive
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RIPPER—negative and positive rules, training data
DataSet Dist only DAFA DAFS bestoverall accuracy

accuracy featuresincluded
AGREE COMPA. CLASS FORMA. SYN SYNA.

all 90.1   0.2 95.0   0.7 96.1   0.8 96.2   0.6 X - X X X X
CF 91.8   0.2 94.8   0.8 96.7   0.4 96.7   0.4 X - - X - X
CG 91.8   0.2 96.7   0.4 96.8   0.6 98.2   0.4 X - - X X X
CK 90.7   0.3 94.5   0.8 94.5   0.7 95.3   0.5 X X X X - X
CL 86.8   0.2 95.2   0.6 95.4   0.9 95.7   0.1 X - X X - X
TCF 89.7 95.4 94.7 97.2 X - - X X -
TCG 89.6 95.5 95.4 96.6 X - X X - X
TCK 89.9 95.9 96.1 97.1 X X - X X -
TCL 91.3 95.6 96.6 96.8 X - X X - -

Table7.27.Resultsfor RIPPER,l=1.25,positiveandnegativerules,on thetrainingset.
For resultsthat were obtainedwith 10-fold cross-validation, the standarddeviation is given
aswell. DAFA: accuracy for featureset DIST, AGREE, FORMANTE, COMPANTE. DAFS:
accuracy for featuresetDIST, AGREE, FORMANTE, SYNANTE.

RIPPER—positive rules, testdata
DataSet Dist only DAFA bestoverall accuracy

accuracy featuresincluded
AGREE COMPANTE CLASS FORMANTE SYN SYNANTE

all 90.1   0.5 92.6   0.4 93.2   0.3 X X X X - -
CF 91.5   0.7 92.3   0.8 93.0   0.5 X X - - - -
CG 91.6   0.6 95.8   0.4 96.4   0.3 X - X X X -
CK 90.7   0.8 93.0   0.5 93.0   0.5 - X X - X -
CL 86.8   0.5 90.8   0.3 91.0   0.2 X X X X - X
TCF 91.5 91.1 92.1 X - - - - X
TCG 91.6 94.4 95.8 - X - X X X
TCK 90.7 92.6 93.4 X X X X X X
TCL 86.8 90.4 91.3 X X X X - -

Table7.28.Resultsfor RIPPER,l=1, positiverules,on thetestset.
For resultsthatwereobtainedwith 10-fold cross-validation,thestandarddeviation is givenas
well. DAFA: accuracy for featuresetDIST, AGR, FORM , COMPANTE.
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rulesandset the loss ratio to 1. It appearsthat lossratio andrule type arenot as important
asthe preliminaryexperimentson the completedatasetsuggest.But if we comparethe rule
setswhich aregeneratedby the two versions,the story becomesmorecomplex. Figures7.5
and7.6 documenttherulesthatweregeneratedmostfrequentlyby RIPPER.Only thoserules
are protocolledthat occurredfive or more times in all rule setsthat weregenerated.A few
complex rules have beenmerged into a single “or” rule, and when a rule headappearedin
several ruleswith a few addedconditions,theseconditionsaregiven in brackets. The most
compellingdifferencebetweenthe two rule setsis maybethefirst rule of Figure7.5. It states
somethingverymuchlikeCentering’sRule1: Thehighest-rankedelementof thelist of forward-
lookingcentres—here:thesubject—willalsobepronominalisedin thefollowingsentence,if no
ambiguitywill resultandif thatCbwasalsoapronoun.This is aclassical“continue” transition.
Remarkably, that rule doesnot surfaceagainin this clear form whennegative conditionsare
allowed,aswell. Both rule setsrely stronglyon DIST. While thepositive rulestendto couple
DIST with eitherCOMPANTE or FORMANTE, theotherrule setsfrequentlyusemorecomplex
conditions. Syntacticfunction is recurredto relatively rarely. Almost never do we find rules
thatconsistonly of conditionson SYN or SYNANTE.

The negative rulesmake muchmoreuseof thesefeaturesthanthe positive ones. Typical
conditionsin which they occurareSYN/SYNANTE != “object” or SYN/SYNANTE != “PP ad-
junct”. Essentially, theseconditionsexpressthat the lower an entity is ranked in termsof its
syntacticfunction, the lesslikely it is to be pronominalised.The rankingthat is implicit here
correspondsroughly to the grammaticalfunction orderingof Centering(Groszet al. 1995).
Theonly valueof CLASS that is usedin therulesis Person. This suggeststhat themainrele-
vantclassdifferencefor RIPPERis [ _ human],a featurewhich is very easyto label,oncewe
have informationaboutagreementvalues.For FORMANTE, we alsofind only two of thenine
possiblevaluesin our rules:pronounandpossessivepronoun. This is explainedby thefinding
documentedby Table7.11:onceanentityhasbeenpronominalised,it hasswitchedto its “acti-
vated”state,andin thatstate,it is highly likely to bepronominalisedagain.Surprisingly, some
very simple rules involving AGREE arealmostnever found, suchasAGREE = “first person”
or AGREE = “secondperson”. Instead,suchconstraintsareformulatedindirectly asnegative
rules:if AGREE is notthird personsingularor plural,thenpronominalise.Althoughsomeof the
rulesderivedby RIPPERaresurprisinglyintuitive, andreflectlinguistic theoriesquitenicely,
the algorithm just doesnot catchsomeobvious generalisationsthat any first-yearlinguistics
undergraduatecouldfind. This resultjust servesto remindusof theMachineLearningtruism
thatoutcomeof rule inductionalgorithms(andany machine-learningalgorithm,for thatmatter)
dependson the particularmethodfor inducingthe classifier, andon the representationof the
input thattheclassifiergets.

Comparison and Evaluation: In orderto evaluatethe resultsof the threeapproaches,rule
induction, exemplar-basedlearning,andstatisticalmodelling, we comparetheir resultswith
two baselinealgorithms:

Algorithm A: Alwayschoosethemostfrequentoption(i.e. noun). This is a standarddefault
rule.

Algorithm B: If theantecedentis in thesameMCU, or if it is in thepreviousMCU andthere
is no ambiguity, chooseapronoun;elsechooseanoun.
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PRO :- SYNANTE =“subject”,COMPANTE ¦¨§ 0, FORMANTE=”pronoun”
PRO :- DIST = “sameMCU”
PRO :- DIST = “previousMCU”, COMPANTE ¦©§ 0
PRO :- DIST = “previousMCU”, COMPANTE ¦©§ 2 or 3,

AGREE= “third neuter”
PRO :- DIST = “previousMCU”, FORMANTE = “pronoun”

(, COMPANTE ª©§¬« )
PRO :- DIST = “previousMCU”, FORMANTE = “poss.pronoun”
PRO :- DIST = “previousMCU”, SYNANTE = “subject”,

COMPANTE ¦©§ 4 or 6
PRO :- COMPANTE ¦©§ 1, DIST = “earlier thanpreviousMCU”,

FORMANTE = “pronoun”or “possessive pronoun”
PRO :- COMPANTE ¦©§ 1, AGREE = “1st pl.”
PRO :- COMPANTE ¦©§ 1, AGREE = “2nd sg.”
PRO :- FORMANTE = “pronoun”,COMPANTE ¦©§ 0
PRO :- FORMANTE = “possessive pronoun”

(,COMPANTE ¦©§ 0 or DIST = “previousMCU” or AGREE = “1st pl.”)

Figure7.5.Frequentlyusedrulesfor RIPPER,full dataset,bestfeaturesetDIST, FORMANTE,
SYNANTE, AGREE, COMPANTE, positiverulesonly. Only thoserulesareprotocolledthatare
generatedmorethan5 times.Therulesspecifyconditionsfor pronominalisation.“Full NP” is
thedefault class.

PRO :- DIST = “sameor previousclause”(, COMPANTE ¦©§ 0)
PRO :- DIST != “first mention” (, AGREE!= “third neuteror plural” or

AGREE = “first plural”)
PRO :- DIST != “first mention”,COMPANTE ¦©§ 0,

FORMANTE= “pronoun”
PRO :- DIST = “previousclause”,SYN != “PPadjunct”,

FORMANTE=“pronoun”
PRO :- CLASS = “Person”,AGREE != “third person”or

AGREE = “secondsingular”
PRO :- CLASS = “Person”,FORMANTE= “pronoun”,

(, COMPANTE ¦©§ 0 and/orSYNANTE != “object”)
PRO :- FORMANTE != “deadend”,AGREE= “first sg./pl.”
PRO :- FORMANTE = “pronoun”,COMPANTE ¦©§ 0

Figure 7.6. Frequentlyusedrulesfor RIPPER,both positive andnegative rules,bestfeature
set. Only thoserulesareprotocolledthataregeneratedmorethan5 times. The rulesspecify
conditionsfor pronominalisation.“Full NP” is thedefault class.
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Approach test data set
CF CG CK CL all

Algorithm A 80.4 83.8 63.8 65.4 72.8
Algorithm B 91.1 93.0 88.6 84.7 89.4
Model 92.2 96.7 91.8 91.0 92.6 _ 0.0
Modelwithout CLASS 92.4 96.8 91.7 90.7 93.0 _ 0.0
IB1-IG, k=1 93.0 96.1 92.3 90.6 92.7 _ 0.7
IB1-IG, k=5 92.7 96.1 92.3 90.6 92.7 _ 0.9
RIPPER,positiverules 92.1 95.8 93.4 91.3 93.2 _ 0.3
RIPPER,negativeandpositiverules 92.4 96.3 93.2 91.2 93.2 _ 0.3

Table7.29.Resultsof algorithmsvs. modelson testdatain ] accuracy.

Algorithm B is basedon the most powerful predictor, DIST, and the most robust predictor,
COMPANTE. It alsotakesinto accountthestronginteractionbetweenthetwo predictorsthatis
alsoevidentfrom theRIPPERrules.

Table7.29summarisesthe resultsof the comparison.To determinethe overall predictive
power of themodel,we used10-fold cross-validation. Algorithm A alwaysfaresworst,while
algorithmB, whichis basedmainlyondistance,thestrongestfactorin themodel,performsquite
well. Its overall performanceis 3.2] below thatof thefull model,and3.6] below thatof the
full modelwithout sortalclassinformation.Nevertheless,for all genres,thestatisticalmodels,
IB1-IG, andRIPPERoutperformthesimpleheuristics.Excludingsortalclassinformationcan
boostpredictionperformanceonunseendataby asmuchas0.4] for thecompletecorpus.The
apparentcontradictionbetweenthis finding andtheresultsreportedin theprevioussectioncan
be explainedif we considerthat not only weresomesortalclassescomparatively rare in the
data(Property, Event), but that our sortal classdefinition may still be too fine-grained. For
the two narrative genres,CK and CL, which containfar morepronounsthan CF and CG, the
improvementoverthebaseline(Algorithm A) is largest:between25and30 ] . Performanceon
CF andCG increasesby aboutthesameamount:wehave12.6] for CF (bestalgorithmIB1-IG,
K=1) versus13] for CG (logistic regression).The performanceof RIPPERandIB1-IG for
differentparametersettingsis basicallystable.RIPPERenjoys a slight advantageon the two
narrativegenres,whichhavemorepronouns.Apparently, RIPPERcanmodelsomeof themore
intricatepatternsof pronominalisationin thesetexts betterthanIB1-IG, but becausethe vast
majorityof casesarecoveredby straightforwardrules,whichrely onstrongdefaultsfor certain
featurevalues,bothalgorithmsarealmostequivalent.

The resultson thedatasetsTCF, TCG, TCK, andTCL suggestthat it is not possibleto find
a singlefeaturesetthatperformsequallywell on all genres.The inconsistentperformanceof
DAFA, a featureset that combinesthe threebestfeaturesso far, AGREE, FORMANTE, and
COMPANTE, with DIST, corroboratesthis finding. This result is not surprising: For finding
an optimal featureset, classifiershave to be trainedwith differentcombinationsof features;
“offline” pre-selectiontendsto give worseresults(Kohavi andJohn1998). Thereforewe can-
not presentan off-the-shelfalgorithmfor pronominalisation.Instead,we proposea compar-
atively fastoff-the-shelfstrategy: Annotatea representative setof texts with co-specification
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sequences,determinethe form of the referringexpressions,determineagreement,if the texts
containfirst- andsecondpersonpronouns,andtrain a classifieron thatdatausingdistancein-
formationplusall possiblecombinationsof COMPANTE, AGREE, andFORMANTE to find the
bestfeaturesetfor your classifier. Featuresthatarecomparatively expensive to annotate,such
asthe two syntacticfeaturesSYN andSYNANTE, andespeciallyCLASS shouldbe left out, if
themaingoal is to bootstrapthegenerationalgorithmfrom a corpus.Lateron, thesefeatures
canbe incorporatedinto the full algorithmwhen they becomeavailable from the generation
module.

7.4 Discussion

In this section,I put the resultsof this chapterin the wider context of relatedresearchand
potentialapplications.First I briefly discussrelatedwork on pronoungenerationandmachine
learning(Section7.4.1).Then,I point out someapplications(Section7.4.2)

7.4.1 RelatedWork

Centering(Groszet al. 1995)alreadyprovidesa rule whichdecidesfor somereferringexpres-
sionswhetherthey shouldto berealisedasa pronoun,namelyRule1 (Definition 4.3,page79:
The highestrankingforward-lookingcentreof utterance­�£¯®°a that is realisedin utterance­±£
canberealisedasa pronoun(for furtherexplorationsof Rule1, c.f. e.g.Kibble 1999,Kibble
andPowers1999).

Another strandof researchon generatingreferring expressionsis basedon the Gricean
Maxim of Quantity, whichexhortscommunicatorsto maketheircontributionsasinformativeas
necessary. This maximimplies that referringexpressionsshouldcontainasmuchinformation
astheaddresseeneedsto identify thespecifieddiscourseentity. TheIncrementalalgorithmof
Dale andReiter(1995)assumesthat the entitiesin the domainaredescribedby setsof prop-
erties. Thesepropertiesarecharacterisedby attribute-valuepairs. Attributesareorderedon a
preferencehierarchydependingon which characterisationspeoplearemorelikely to use.For
example,absolutepropertiessuchascoloursarepreferredoverrelativeattributessuchassizes.
For someattributes,asubsumptionhierarchyis definedon their values.Eachentity hasat least
one“type” attribute. Whena referringexpressionfor an entity hasto be generated,the aim
is to generatea parsimoniousdefinitedescriptionthat rulesout all detractorsandmakes the
intendedentity uniquely identifiable. The incrementalalgorithmpassesthrougheachof the
attributesaccordingto the preferenceordering. For eachnew attribute, it determinesthe best
value,that is thevaluewhich doesnot rule out lessdistractorsthanthevaluesit subsumes.If
thedescriptionthathasbeengeneratedsofarplusthenew attribute-valuepairuniquelyidentify
theentity for whichareferringexpressionis to begenerated,thealgorithmstops.Krahmerand
Theune(1999)extendtheIncrementalalgorithmby anexplicit notionof salience. They argue
thata definitedescriptionis sufficiently preciseif f thereis exactly onemostsalientobjectthat
correspondsto thatdescription.

In the algorithmof Appelt (1985), referringexpressionsare generatedso that they fulfil
certaincommunicativegoals.His applicationdomainaretaskinstructionmonologues.Whena
new goalfrom thetaskplanis to beintegratedinto themonologue,asetof criticstesthow it can
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bestbeconnectedto whathasalreadybeengenerated.For example,theaddresseeneedsto use
awrench.Next, heneedsto beinformedthatthewrenchis in thetoolbox. Insteadof generating
two sentences“Use thewrench.Thewrenchis in thetoolbox.”, thealgorithmintegratesthem,
instigatedbyoneof thecritics,into thesentence“Usethewrenchin thetoolbox.”. Jordan(2000)
exploressystematicallyon a largecorpusof spokentask-orienteddialogshow communicative
goalsinfluencetheform of referringexpressions.Shetestsseveralrule-basedalgorithmsonher
corpus,but doesnotexperimentwith machinelearningmethods.

TheMachineLearningapproachto pronominalisationthatwehavediscussedin Section7.3
is not gearedto any of thesehigh-level goals. It incorporatesa very roughnotionof salience:
the shorterthe distanceto last mention,the moresalienta discourseentity will be. We have
alsocodedthesyntacticfunctionof theantecedent;syntacticfunctionis theclassicalbasisfor
computingtheorderof theforward-lookingcentrelist in Centering(c.f. Section4.3.2).

McCoy andStrube(1999)pursueyet anotherroute. They want to know which informa-
tion thata generationsystemneedsin orderto decidebetweena pronounanda full NP. They
exploredistancefrom last mentionin sentences,temporaldiscoursestructure,andambiguity.
A pronominalreferenceis definedasunambiguousif it canbe resolved successfullyby the
algorithmof Strube(1998). Only thosepronounsaregeneratedwhich canberesolvedunam-
biguously. Pronounsareblockedif a changein temporalstructureoccursbetweentheanaphor
andits antecedent.Thealgorithmwasevaluatedon a corpusof threereportagesfrom theNew
York Timesandachievedanaccuracy of 84] . Thesolutionof Henschelet al. (2000)is mod-
elled alongthe lines of (McCoy andStrube1999),with two importantdifferences:they use
predetermineddiscoursesegmentinformationinsteadof temporalstructure,andthey introduce
astylistic“repetitionblocking” thatprohibitschainsof pronominalreferences.They getslightly
betterresultsthanMcCoy andStrube(1999)on theNew York Timescorpus.

Theonly dedicatedmachinelearningapproachto generatingreferringexpressionsthatwe
know of sofar is thework of Poesio,Henschel,HitzemanandKibble (1999).2 Their corpusis
annotatedwith two typesof factors:

1. factorsthat describethe NP to be generated,suchasagreementinformation,semantic
properties,anddiscoursefactors,

2. factorsthat describethe antecedent,suchas animacy, clausetype, thematicrole, and
proximity

Their corpusconsistedof descriptionsof exhibitions furnishedby museumguides. Poesio,
Henschel,HitzemanandKibble (1999)trainedCART trees(Breimanet al.1984)onthatcorpus
to predictsurfaceformsof referringexpressions.All 28personalpronounsin theircorpuswere
generatedcorrectly. UnlikeMcCoy andStrube(1999),they do not evaluatethecontribution of
eachof thesefactors.

Our detailedanddedicatedfeatureselectionexperiments,aspresentedin sections7.2 and
7.3,on theotherhand,allow usto quantify theeffect of eachfactoron theperformanceof the
resultingalgorithmsandallow usto examinehow thesefactorsinteractwith eachother, whether

2MachineLearningapproachesto anaphoraresolution, onthecontrary, arefarmorenumerous;recentexamples
are(Ge,HaleandCharniak1998,CardieandWagstaff 1999,Connolly, BurgerandDay 1997,Soon,Ng andLim
1999).To discussthis work in moredetailwould leadustoo farafieldhere.
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they arecomplementary, or whetheronefactor, suchasDIST, in factsubsumesothersthathave
alsoreceivedmuchattentionin theliterature,suchasSYNANTE.

7.4.2 Potential Applications

Thelearningtaskwehaveconsideredhereis quiteartificial: giveninformationaboutareferring
expression,thediscourseentity it refersto, andits antecedent,determinewhetherit shouldbe
pronominalised.Anaphoraresolutionis a completelydifferentlearningtask:givena setof po-
tentialantecedentsanda referringexpression,determinewhetherthatexpressionis anaphoric,
and,if yes,which of theproposedantecedentsis therealantecedent.First- andsecondperson
pronounsareeasyto resolve if thepotentialaddresseesarewell-definedandthe text doesnot
containmuchdirect speech.Thereforemostanaphoraresolutionalgorithmshave focusedon
third personanaphora,morespecificallyon pronouns.For the purposesof anaphoraresolu-
tion, wewouldneedto recastthewholeanalysisin termsof selectingantecedentsfrom asetof
competingantecedents.ThetargetvariablePRO wouldneedto bereplacedby avariablecalled
CORRECTANTECEDENT. In principle,wecouldthenusethesamemethodsthatwereusedhere
for analysingthatdataandlearningassociationsbetweenanaphorsandtheirantecedents.

Defining target variablessuchasPRO only makessensefrom a generationperspective. In
orderto applyourapproachto real-world generationsystems,wewill needto take into account
the informationmadeavailableto thesystemandthestageat which the form of the referring
expressionis generated.The valuesof AGREE andCLASS aredeterminedby the entity that
thereferringexpressionaccesses.Informationaboutdistanceto lastmentionwill beavailable
in all systemsthat track whena discourseentity haslast beenmentioned. Additionally, the
systemwill needto storeinformationaboutthereferringexpressionof that lastmention.Our
resultsindicatethat information aboutits form (pronoun,definite, indefinite, demonstrative,
other)might be sufficient. For calculatingthe numberof competingantecedents,we needa
slightly moresophisticatedtrackingmechanismwhich hasaccessto the last 1-2 MCUs. The
featuresSYN andPAR, which relieson SYN, presupposethatthesyntacticrole of thereferring
expressionis known. Finally, we run into problemsif thealgorithmthatdeterminesconstituent
orderingdoesnot comebefore theroutinethatcalculatesform of referringexpression.In that
case,we cannotdeterminetheexactpositionof a referringexpressionin a co-specificationse-
quenceanymore,becausewecanneverbesurewhetherthereis animmediateantecedentin the
sameMCU. This problemaffectsthefour antecedent-basedfeaturesDIST, COMPANTE, FOR-
MANTE andSYNANTE. Sincethesearethemostpowerful androbustpredictors,it might be
worthwhile to optimisetheorderof constituentsandthe form of referringexpressionsjointly.
But if we do follow sucha strategy, thenwe needto askwhetherit still makessenseto inves-
tigatepronominalisationasa separatetask. Althoughdetailed,focusedcorpusstudiessuchas
thosepresentedin thischapterprovidenecessarygroundwork, therealfine-tuningcomeswhen
a realalgorithmhasto beintegratedinto a realsystem.

7.5 Summary of Main Results

Theexperimentsin Section7.2 and7.3have shown thatdistanceto lastmentionpredictsvery
well whethera discourseentity is to be referredto by a pronounor not. The very simple
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measureof entity statusthatI have definedanddefendedin Chapter5.4hasprovedto bemore
thanadequatefor large-scalecorpusstudies.Theseresultsarecorroboratedby themany studies
on anaphoraresolutionandthe form of referringexpressionswherethe technicalmeasureof
distanceplayeda key role (Ariel 1990,Ge et al. 1998,Mitkov 1998,to namebut a few). In
our searchfor factorsthat could supplementDIST, we restrictedourselvesto factorsthat are
easyto extract from existing annotationsor that canbe hand-codedreliably. Our motivation
for this wasnot to developa knowledge-poorapproachto pronoungeneration.Instead,it was
theoretical: it doesnot make senseto run statisticaltestson unreliabledata if you are not
preparedto make amendsfor inter-annotatorvariability. Therearesophisticatedtechniquesto
dealwith suchnoise,for example,dispersionparametersin theextendedexponentialfamily of
probabilitydistributions,or a subjectvariablein thestatisticalanalysis,which rangesover the
annotatorsthathavecontributedto acorpus.But to explorehow thesetechniquesfurtherwould
havebeenbeyondthescopeof thethesis.

In this chapter, weexploredthebasecaseof pronominalisation:how canweaccountfor all
pronounsin twelve texts from diversegenreswith no assumptionsabouthierarchicaldiscourse
structure?As farasI know, this is new; mostpreviousstudieshaveconcentratedonthird person
pronouns,andcross-genrestudiesof the form of referring expressionsare rare. Our results
show that the influenceof factorson pronominalisationvariesgreatlywith genre. The only
remotelyrobustfactoris COMPANTE, thenumberof competingantecedents.Althoughwe can
identify a setof factorsthatperformwell acrossgenres,DIST, COMPANTE, FORMANTE, and
AGREE, this combinationdoesnot alwaysyield thebestpossibleresults.AGREE encodesthe
importantdistinctionbetweenanimate(masculine,feminine)andinanimate(neuter)entitiesin
thesingular. Theotherthreefactorsmight reflectcognitiveconstraintsonanaphoraprocessing:
recency (DIST), ambiguity(COMPANTE), and(discourse)topicality (FORMANTE).

Surprisingly, thedetailedsortalclassontologywasnotveryhelpful. Themostimportantdis-
tinctionswere[ _ animate]and[ _ abstract].ThesyntacticfactorsPAR, SYN, andSYNANTE

werealsonotasimportantasresearcherswouldsupposethemto be.In ourdata,it wasmoreim-
portantwhethertheantecedentis apronounthanwhetherit actsassubject.Wedonot think that
our classificationof syntacticfunctionswastoo crude.In fact,our categoriescomevery close
to the hierarchypostulatedby Givón (1992)for topicality, Subject S Direct Object S Other.
Thereasonfor thegoodperformanceof FORMANTE lies in thestructureof co-specificationse-
quences:Whenadiscourseentity is in activemode,it tendsto bepronominalisedseveraltimes
in a row. This patternmaybeobscuredby stylistic constraints,suchastherepetitionblocking
thatHenschelet al. (2000)observedin their data.

Let meclosethisempiricalchapterwith atheoreticalnoteof caution:Corpus-basedresearch
is envogueat themoment.Moreandmoreresearchersareturningto corporain orderto replace
hand-craftedalgorithmsby (hopefully)betterautomaticallyinducedones.But if somefactors
thatexperimentshave shown to be important,suchasthematicroles(Stevensonet al. 1994),
cannotbeannotatedreliably in corpora(Poesio,Henschel,HitzemanandKibble 1999),thenit
maybemuchmoreeffectiveto partitionthetaskinto problemsthatcanbesolvedusingMachine
Learning,andcomponentswhichstill needto behand-crafted.



8 Conclusion

In this chapter, I review themainresultsof thethesis,(Section8.1), investigatethedimensions
of givennessthat I closedmyself off from by focusingon the givennessof discourseentities,
(Section8.2), andcomebackfull circle to thepoint I startedout from: prosodiccorrelatesof
givennessin prosody(Section8.3).

8.1 Main Results

8.1.1 Theoretical

Are thereany theoreticalresults? Doesa new theory of the givennessof discourseentities
emerge from this thesis?No. I have drawn up a list of thingsthatsucha theoryshouldcover;
andtherelevant informationthathasto beprovidedby this theoryfor eachdiscourseentity is
what I calledentity status. Entity statusis nothingspecial;similar cataloguesof information
musthave beendrawn up in many dissertations.The main differencehereis that I shy away
from devising a theorythat providesthis information. I prefer to keepmy optionsopenand
explorecompetingtheories,which all have somethinginterestingto sayin their own way. For
example,generative grammar:How many parametersdoesit take to explain theform of refer-
ring expressions?Or Optimality Theory: How canpresentapproachesto anaphoraresolution
be reformulatedin termsof constraints(Beaver 2000)?Or Cognitive Grammar:How canwe
describetheconstraintsonpronominalisationin termsof conceptualreferencepoints(vanHoek
1995,Langacker1996)?

Entity statusis acatalogueof demandswhichcomesin two parts:

structural aspects: Thesecanbecharacterisedby threequestions:� In which segmentsdoesthe discourseentity occur, and how are thesesegments
connected?� How is thediscourseentity relatedto othersin thediscourse?� How centralis theentity? Is it partof thegist of thediscourse(segment)it occurs
in, or is it inconsequential?

managementaspects: Threemainfunctionscanbeidentified:� How arenew discourseentitiesinitialised?Wheredoaddresseesgetsufficientinfor-
mationfrom to constructa goodinitial description,how canthey bestembedthem
in the currentdiscoursemodel,whencan they assumedthat a potentiallyevoked
discourseentity hasbeengrounded,i.e. is availablefor referringbackto?
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textual information,world knowledge?How easyarethey to access,andhow easy
is it to resolve to thewrongentity?� How arerepresentationsof discourseentitiesupdated?In particular, how dowehan-
dle changingproperties,differentpointsof view, how do we succeedin connecting
a discourseentity that is centralto thediscourseevenmoretightly to thediscourse
model?

I probedsomeof the theoriesen voguein linguisticsandcomputationallinguisticsto see
whetherthey couldmeetthelist of demandsof entitystatus.I foundthatall theoriesof discourse
structureinvestigatedfit thebill, in particularRhetoricalStructureTheory(MannandThomp-
son1988),which seemsto have a veritabletheoryof structuralentity statusnow with Veins
Theory(Ide andCristea2000).Thetheoryof GroszandSidner(1986)offersfocusspaces,but
thereis still considerabledebateaboutwhethersuchaconstructis needed(Walker1996,Grosz
andGordon1999). Finally, vanDijk’ s (1980)theoryof macrostructuresconcentrateson how
information is organisedin texts, lesson how discourseentitiesaremaintained.However, it
hasthedistinctadvantageof beingthebasisof avery influentialpsycholinguistictheoryof dis-
coursecomprehension,theConstruction/Integrationmodeloutlinedby Kintsch(1988)andits
venerablepredecessor, thetheoryof (vanDijk andKintsch1983).

For thetheoriesthatdescribehow discourseentitiesaremanaged,thepictureis somewhat
different. Talmy Givón’s work is interestingbecausehe usescorpus-basedmeasuresthat are
basedon annotationswhich needto make only minimal assumptionsaboutthecurrentstateof
thespeaker’s nervesandthehearer’s health,aboutthespeaker’s cooperativity andthehearer’s
basicstupidity. Justtracktheco-specificationsequencesthereareandderive goodcounts,that
is thebasisof his strategies. Althoughhis measurescanbecriticisedheavily, they area good
start. His work hasanothercrucial advantage:it is formulatedtermsof cognitive processing
instructionsthatarecompatiblewith oneof thestandardmodelsof discoursecomprehension,
the Construction/Integrationmodel. The theory canbe testedon corpora,in simulations,in
experiments.Givónmaybewrongonsomecounts,but at leastheis explicit enoughsothatone
canprove him so. Anotheralluring approachis thatof WallaceChafe. Theproblemwith his
work—andits allure,paradoxically—isthat it presentsgrave methodologicalproblems.Chafe
takesafundamentallycommunicativeperspective;heinterpretshisdatain termsof whatis sup-
posedto goon in theconsciousnessof communicatorsandaddressees.Thedifficulty with such
analysesis thatonequickly runsinto problemsof circularity. Take theword “consciousness”.
Wasit semiactivewhenI mentionedit again?Did you quickly forgetaboutthatconsciousness
businesswhile you processedthefollowing sentence,eagerlywaiting for somecuttingremark
on circularity? Or did the term“consciousness”stayat the top of your awareness,maybebe-
causeyou are interestedin neurolinguistics,maybebecauseyou know Chafe’s theoriesand
wonderedwhatI hadto sayaboutthatterm?

Why do I take this agnosticstancehere?Why have I provedmyself unableto commit to
any singletheory?Well, that is thefault of AppendixD. Thosedeeplyrootedconvictionsthat
I do have comefrom a meta-linguistic,communicationtheoreticlevel. What leadsmeto pre-
fer or disprefera particularlinguistic theoryis not only whetherit canexplain theexplicanda,
but alsowhetherit connectswell with the communicationtheoreticideasthat I have become
convincedof, andwhetherit is compatiblewith othertheoriesthatcover thesamedomain.For
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the epistemologicalbackgroundof what I have just said,see(Schr̈oder1999). Of particular
relevanceto entitystatusarenotonly theoriesof communication,but alsopsycholinguisticthe-
oriesof languageproductionandunderstanding.Theaccountthat interfacesbestwith existing
linguistic knowledgeis, asfar asI cansee,SanfordandGarrod’s ScenarioMappingandFocus
Theory. My predilectionfor statisticsasa methodfor describingpatternsof languageusealso
fits with GeroldUngeheuer’sgeneralapproach:Statisticsis theultimativeextra-communicative
way of looking at thesystemof language.Sincebothperspectives,communicative andextra-
communicative,needto complementeachother(Ungeheuer1970/1972b),I have no problems
with donningthehatof a formal statisticianin oneminuteandexchangingit for thehatof the
woolly discourseanalystin the next, aslong asI do not overestimatethe valueof the results
obtainedeitherway.

8.1.2 Empirical

Theempiricalinvestigationsof entity statusreportedin this thesisfell into threelargeparts:an
explorationof how entity statuscanbe studiedin corpora(Chapter5), a genre-specificstudy
of entity statusin radionews (Chapter6), anda corpus-basedstudyof influenceson pronomi-
nalisation(Chapter7). For thesestudies,I drew on differentmethods:in-depthanalysisof the
communicationsituation,interviews,corpusannotation,interpretation,statisticaltests,statisti-
calmodellingtechniques,andMachineLearning.

The radio news studyshowed clearly that givennessis almostimpossibleto definein the
context of masscommunication.Rather, it needsto betranslatedinto categoriesthataremore
appropriateto thegenre,suchasnews factors.A traditionallinguistic approachusingthewell-
knowncategoriesof Prince(1981)orGundelet al. (1993)needsaveryexplicit addresseemodel
andthus leavesgreatleeway to the analyst. The Germanandthe AmericanEnglishcorpora
differ not only in thedistribution of referringexpressions,but alsoin thegenrethey belongto,
which is in turn conditionedby the cultural differencesin GermanandAmericanradio. The
Germanstoriesadheremostly to theclassic“lead-background-source”structure.This is what
makesthemcoherent.In both corpora,definitedescriptionsappearto be the unmarked form
for referringexpressions.Thereis no time for telling storiesin detail, thereare few central
referents.Whatis centralis thediscoursetopic, andthegoal is to cramall potentiallyrelevant
aspectsof that topic into fifteen to a hundredsecondsof speech.Accordingly, pronounsfind
theirantecedentsfrequentlyin thesamesentence,andindefinitestendto beusedfor conveying
circumstantialinformation,not for introducingcentraldiscourseentities.Shouldlinguistscare
aboutsuchresults? Shouldthey wipe them away with the remarkthat what I have studied
is not “real” language?Well, I would most definitely not claim that I have shown that “in
Germantexts, indefinitestendto etc.”. Instead,I insist thatfor themomentat least,my results
arerestrictedto oneparticulargenre,andto be honest,to a samplefrom that genrethat was
mainly chosenaccordingto the availability of prosodicannotations.However, I hypothesise
that a replicationof this study on a larger set of Germanradio news texts from DLF (now
DeutschlandRadio),andon a largersetof correspondents’reportsfor news-orientedAmerican
publicradiostations,wouldyield similarresults.Themainmethodologicalconclusionfromthis
studyis that it canpayto take thegenreoneis analysingseriously. But becauseof theamount
of work that this involves (for a really intimidating catalogue,seeBhatia 1993), it appears
perfectlyreasonableto abstractaway from thecommunicativecontext aswell—in particularif
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resultson a small,but well-analyseddatasetareto besubstantiatedby theanalysisof a more
comprehensivesample.

In thisthesis,suchacomprehensivesamplewasdrawn from theBrown Corpusof American
English(FrancisandKučera1979),morepreciselyfrom thesefilesthatarealsopartof thePenn
Treebank(LDC 1995).Thatsample,BROWN-COSPEC, is documentedmorefully in Appendix
C. Sincemostof thesetextsareexcerptsfrom longertexts,andsincethereis acertaintemporal
andculturaldistancebetweentextsfrom 1961andaresearcherthatwasbornin 1974,adetailed
analysislike that I performedon theradionews databecomesall but impossible.Instead,we
needto resortto informationthat is relatively easyto addto arbitrarydiscourseandthat can
beannotatedreliably. That informationis informationaboutco-specificationsequences.Other
linguistic semanticvariablessuchascountabilityor genericitythatweretaken into accountin
theearlierstudyweredropped.Althoughthey might beusefultools for exploring thesyntax-
semanticsinterfacein English,they cannotbeannotatedreliably in corpora(Poesio,Henschel,
HitzemanandKibble 1999).Wedecidedto deriveasmuchinformationaspossiblefrom theex-
isting annotationsin theTreebank(StrubeandWolters2000).Logistic regressionexperiments
andMachineLearningexperimentsshowed:

1. Distanceto last mention(a crudeoperationalisationof structuralentity status)predicts
pronominalisationextremelywell.

2. Whethertheantecedentis apronouninfluencestheform of theanaphormoreconsistently
thanwhethertheantecedentis in subjectposition.

3. It is notpossible,at leastnotwith thefactorsweinvestigated,to developapronominalisa-
tion algorithmthatperformswell acrossgenres.Whetherdiscoursestructurecanredeem
usis subjectof futurework.

Developinga statisticalmodelof co-specificationsequenceson thebasisof BROWN-COSPEC

turnedoutto beverydifficult. Althoughmodelingthedistributionof thementionsof adiscourse
entity in a text via a Poissonprocessgivesus a roughapproximationof the patternswe find,
it cannotcover long-distanceanaphoraandconstraintson thenumberof mentionswithin one
unit. Whatweneedis anon-stationaryapproachthatdistinguishesbetweendifferentstatesof a
discourseentity, maybealongthesalienceparameterthatwe identifiedin our discussionof the
managementaspectsof entitystatus.

8.2 What about Givenness?

Givennessis apopularmetaphorin linguistics;in someareassuchaswordorderor intonational
focus,it almostseemsto have becomea metaphorthat linguistslive by. But to explicatethat
metaphor, to turn it into a technicalterm, is very difficult. In theprocess,it losesmuchof its
picturesquesweepingness.As Prince(1981)hasalreadysuggested,andasscholarssuchas
Lambrecht(1994)have arguedquite explicitly, the givennessof discourseentitiesshouldbe
keptstrictly separatefrom thegivennessof information,thegivennessof thesemanticcontent
of a message.I followed that wise advicehereandbroke down the “givennessof discourse
entities” into theprosaicfacetsof entity status.And whenI searchedprosodyfor correlatesof
thatveryspecifictypeof givennessin averyspecificgenre,I foundvery few.
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But what aboutthe other givenness,the givennessof information? It is not monolithic,
either. I would guessthat this givennesscanbedescribedquitewell by threedimensionswell
known from theliterature(Halliday1967,Kuno1972,ClarkandHaviland1977),predictability,
recoverability, andsharedknowledge.Sharedknowledge describeswhatall participantsin the
communicationprocessknow at the momentwhenthey arecommunicating.It is “givenness
in the present”. Predictability describeswhat participantsexpectto happen,how participants
expectthe othersto behave. What is predictableis boring; thatwasthe resultof experiments
wheresubjectswereaskedto judgestoriesthatconformedto Schank’s (1977)scripts(Brewer
andLichtenstein1981). Deviant storiesweremuchmorelikely to be rememberedthanwell-
behavedones.Whatis new is exciting, thatcatchestheaddressee’sattention,thatis whathehas
cometo hear—if we assumethatcommunicationis mainly aboutexchanginginformation,that
is. Recoverability describestheextent to which the utteranceis phoric, theextent to which it
needsto beinterpretedwith respectto theprecedingco-text. In contrastto Prince(1981),who
lumpsbothpredictabilityandrecoverability together, I separatethemoutbecausethey describe
differentwaysof looking at givennessasit developsin time. Predictabilityis cataphoric;given
whatI haveseensofar, whatis likely to comenext? Recoverability is anaphoric:how doesthat
which I amhearingnow relateto whathascomebefore?

Whatis sharedby speakerandhearerobviouslyaffectstheform of referringexpressionthey
canuse,but themostappropriatemodelof that“commonground”is in my view cognitive. The
samegoesfor salience,whichdependsto agreatextentonthebackgroundonthebasisof which
speakerandaddresseeconstructtheir understandingof a text.

If we want to formalisepredictabilityandrecoverability, it makessenseto replacemore
woolly taxonomiesof givennessby hard and fast measuresbasedon information theory, as
for examplePan hasdone(Pan and McKeown 1999,Pan and Hirschberg 2000). From the
perspective of (formal) semantics,informationmaybe new if it is not entailedby thecontext
(Schwarzschild1999),if it providesmorespecificinformationaboutadiscoursemarker (Kuhn
1996),if it is notpresupposed,but asserted(Lambrecht1994).All of theseformalisationsmake
slightly differentpredictions,andit wouldbeinterestingto comparethemin domainsotherthan
thosethey normallycompetein, intonationalfocus.

8.3 The Full Cir cle: Prosody

In the first draftsof this thesis,this sectionwasa rag bagof all the things I intendedto do,
but probablywould not getaroundto in time. Whatanoverarchingtheme bObOb everythingyou
alwayswantedto know aboutgivenness,but wereafraidto ask.Instead,I havedecidedto come
full circle backto wherethis excursioninto givennessbegan.Whathave I learnt?Whatwill I
do differentlynow? Whichquestionswould I like to askin thefuture?

I would mostdefinitelynot studygivennesson radionews any more. Thecommunication
situationis socomplex (c.f. Section6.1.3)that it is almostimpossibleto operationalisegiven-
nessin any cognitively satisfyingway. Whatwe canmeasurearegenre-specificaspects:How
arenewsfactors(c.f. Section6.1.2)verbalised?How donewsreadersphrasetheleadsentence?
Anotherquestionthatcomesto mind is: Looking at thesheercomplexity of thesentencesthat
radionews readersarefacedwith, then,how do they manageto convert themfrom something
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designedfor the mediumof writing, wherethe addresseecango backover any lengthyhy-
potaxishehasnot quiteunderstood,to themediumof speaking,wherea word is herenow and
gonein thenext minute?Attackssuchasthoseof Bolinger(1989)on radionews readersonly
highlight the problemsinvolved in this task. From the functionalpoint of view of e.g. Chafe
(1994),the primary concernof thesenews readerswould be to partition their text into infor-
mationunits that somehow conformto the “One New IdeaConstraint”. As to accentuation,
text bookwriterssuchasWachtel(1997)severelychideeditorsfor puttingnew thingsfirst in
a sentence.If news readersthenwant to emphasisethatnew informationby a nuclearaccent,
they haveto eitherfiddlewith phrasing,or adoptaregularcontourthatsoundsasif they wereon
Valium—animpressionthat is evenencouragedby someprofessionalGermanspeakerswhen
they train youngnews readers(Ralf Backhausen,personalcommunication),but not by others
(UdoStiehl,personalcommunication).Theremayalsobeculturaldifferenceshere;in America,
gettingthe intonationright appearsto be important(Margo Melnicove, personalcommunica-
tion). vanLeeuwen(1984)suggeststhat theValium effect might evenbe intended,becauseit
suggeststo theaudiencethatthenewsreaderis completelyimpartial.Thus,whatwegetin this
genre,in particularin theup-market radiostationsthatthedataanalysedherecomesfrom, is an
interestingtradeoff betweenmakingyour speechlively enoughto beunderstoodandsounding
asneutralanddistancedasnecessary.

Futurework onradionewsprosodywill thereforetakemeinto two verydifferentdirections:
Thefirst directionwill beto explorehow listenersreactto thistypicalnewsreadingstyle,andto
deviationsfrom it. Will they really understandnews betteroncethey havebeenrewritten,once
the phrasingcleanlyseparateschunksof information,oncethe coreinformationis accented?
And how will they reactto thatimprovedstyle?Theseconddirectionmakesuseof thefactthat
radio news texts canbe very complex, andnot at all adaptedto readingthemout loud. This
makesradionewsanidealtraininggroundfor speechsynthesisprosodymodules.However, for
training suchmodules,I would not apply any of the sophisticatedapproachesto entity status
thatI devisedin Chapter6. Rather, I wouldcodeco-specificationsequences.Sincethereis more
thematicallyhomogeneousdatain suchtexts,I wouldalsocomputeco-occurrenceprobabilities
andusestraightforwardinformation-theoreticmeasuresof givenness,assuggestedby Panand
McKeown (1999).

And now for somethingcompletelydifferent bDbOb



Epilogue

A: Whatis my theorythatit is? Yes.
Well, youmaywell askwhatis my theory.

C: I amasking.
A: And well youmay.

Yes,my word,youmaywell askwhatit is, this theoryof mine.
Well, this theory, thatI have, thatis to say, which is mine,²%²%² is mine.

C: I know it’s yours!Whatis it?
A: ²%²%² Where?²%²%² Oh! Oh! Whatis my theory?
C: Yes!
A: Ahh!

My theory, thatI have, follows thelinesthatI amaboutto relate.
[startsprolongedthroatclearing]

C: [underbreath]Oh,God!
[Annestill clearingthroat]

A: TheTheory, by A. Elk (that’s ”A” for Anne”, it’s notby aelk.)
C: Right...
A: [clearsthroat]This theory, whichbelongsto me,is asfollows...

[morethroatclearing]
This is how it goes...
[clearsthroat]
Thenext thing thatI amaboutto sayis my theory.
[clearsthroat]
Ready?

C: [wimpers]
A: TheTheory, by A. Elk [Miss].

My theoryis alongthefollowing lines ²%²%²
C: [underbreath]God!
A: ²%²%² All brontosaurusesarethin at oneend;much,muchthicker in themiddleandthenthin again

at thefar end.Thatis thetheorythatI have andwhich is mineandwhatit is, too.
C: That’s it, is it?
A: Right,Chris!
C: Well, Anne,this theoryof yoursseemsto have hit thenail right on thehead.

from Monty Python’sFlying Circus,transcribedby tim@zorac.arpa
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BIBLIOGRAPHY
³

223

Behrens,L. andSasse,H.-J.: 1999,Qualities,Objects,Sorts,andOtherTreasures:GOLD-
diggingin EnglishandArabic. ArbeitspapierNr. 35 (NeueFolge),Institut für Sprachwis-
senschaft,UniversiẗatzuKöln.
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Gernsbacher, M. A.: 1991,Comprehendingconceptualanaphors,LanguageandCognitivePro-
cesses6, 81–105.

Gernsbacher, M. A. (ed.): 1994,Handbookof Psycholinguistics, AcademicPress,SanDiego,
CA etc.

Gernsbacher, M. A. andGivón,T. (eds):1995,Coherencein spontaneoustext, JohnBenjamins,
Amsterdam/Philadelphia.

Gernsbacher, M. A., Hargreaves,D. andBeeman,M.: 1989,Building andaccessingclausal
representations:The advantageof first mentionversusthe advantageof clauserecency,
Journalof MemoryandLearning28, 735–755.

Gigerenzer, G.,Swijtink, Z., Porter, T., Daston,L., Beatty, J.andKrüger, L.: 1989,TheEmpire
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Rühl (1993),pp.19–51.

Krippendorff, K.: 1994,Derverschwundenebote.metaphernundmodellederkommunikation,
in Mertenet al. (1994),pp.79–113.

Kruijf f-Korbayová, I.: 1998,TheDynamicPotential of Topic and Focus, PhD thesis,Depart-
mentof MathematicsandPhysics,CharlesUniversity, Prague.

Kucera,H. andFrancis,W.: 1967,FrequencyAnalysisof Englishusage: LexiconandGrammar,
HoughtonMif flin, Boston,MA.



BIBLIOGRAPHY
³

241

Kuhn,J.: 1996,On intonationamdinterpretationin context - is therea unitaryexplanationfor
focusanddeaccenting?Master’sThesis,UniversiẗatStuttgart.
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C/I theory Construction/Integrationtheoryof discoursecomprehension
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Appendix A AnalysedTexts

This appendixcollectstwo longer texts which are analysedin the main bodu of the thesis:
a newspaperstory aboutthe assassinationof BashirGemayel(SectionA.1), andthe opening
paragraphsof Terry Pratchett’s novel “Guards,Guards”(taken from (Pratchett1990),Section
A.2).

A.1 The Gemayel Text

In thefollowing text, footnotesmarktheendof vanDijk’ s macrostructuralboundaries.All re-
ferringexpressionsaremarkedby squarebrackets;paragraphsarenumberedin roundbrackets.
Thelettercodes,summarisedin TableA.1 markmembersof co-specificationsequences.
(1) [Israeli tr oops]µA¶ re-enter[westBeirut] ·¹¸
HEADLINE

(2) BEIRUT - [Israeli forces]µº¶ movedinto [westBeirut] ·�¸ yesterdayto “insurequiet” af-
ter [the assassinationof [Lebanesepresident-electBashirGemayel]» ] »�¼ , [the Israeli military
commandin [Jerusalem]½ ] µ1¾ said.LEAD

(3) [Unidentifiedassassins]killed [Gemayel]» [Tuesday]with [a 204-kg(450lb) bombthat
took [more than26 lives],wounded[60 otherpeople]andreturned[Lebanon]¿ to [relentless
sectarianviolence]].MAIN EVENT

(4) “As a resultof [the assassinationof [Bashir Gemayel]» ] »�¼ , [IsraelDefenceForces]µº¶
entered[westBeirut]·�¸ in orderto prevent[possiblesevereoccurrences]andin orderto insure

PeopleandEvents
G Gemayel A YassirArafat

GA Gemayel’sassassination B MenachemBegin
GD Gemayel’sdeath IT Israelitroops
GB blastin assassination IM Israelimilitary command

GBo Gemayel’sbody W PrimeMinister Wazzan
GN newsof G.’sassassination D Envoy Draper

Places
I Israel J Jerusalem
L Lebanon WB WestBeirut

TableA.1. Codesfor importantdiscourseentitiesin Gemayeltext
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[quiet],” [a statementby [the Israelimilitary command]µ1¾ ] said.
CONSEQUENT ACTION 1

(5) [The deathof [the Maronite Christian]» ] »°Á , only nine daysbefore[he]» was to be
inauguratedas [Lebanon’s]¿ president,raised [fears of [a new round of fighting between
[[Gemayel’s]» troops]and[Muslim forces]in [thedeeplydividedcountry]¿ ]].
EXPECTATIONS

(6) [The Government],shocked at [the first assassinationin [Lebanesehistory] of [a per-
son electedpresident]» ] »�¼ , delayedconfirming [the death of [the 34-year-old right-wing
leader]» ] »°Á for [ninehours].
MAIN EVENT (CONTINUED)

(7) [All crossingsbetween[eastand west Beirut]] were closedand [panicky residents]
jammed[gasstations]and[bakeries]stockingup in fear [a continuedclosure]would leadto
[shortagesof [essentialitems]].
CONSEQUENT EVENTS

(8) [An Israeli Army spokesman]said [the borderbetween[Israel]µ and[Lebanon]¿ was
sealedoff yesterdayfor all but [military personnel],barring [journalistsand other civilians]
from crossing[the frontier].

(9) “With [greatpain] [I] · face[this shockingnews]»°Â with [the strongestdenunciation
for [this criminalact]»�¼ ],” [PrimeMinisterChefikWazzan]· said[lateTuesday]in [anofficial
statementabout[[Gemayel’s]Á death]»°Á ].
VERBAL REACTION

(10) [PresidentEliasSarkis]ordered[sevendaysof [official mourning]]and[a statefuneral
yesterdayin [[Gemayel’s]» hometown of Bikfaya]].

(11) [Six hoursafter[theblast]]»°¸ , [[Gemayel’s]» mangledbody]»°¸°Ã waspulledfrom [the
rubble]. [Governmentsources]said[it] »°¸°Ã couldonly beidentifiedby [[his] » ring].
MAIN EVENT (CONTINUED)

PLOT
(12)Despite[thechargesof [a plot]], no oneclaimedresponsibilityfor [theblast]»°¸ .
(13) [Gemayel]» waselectedover[theprotestsof [mostMuslims,whoremembered[[his] »

role asthePhalangistmilitary commanderduring[thebitter1975-76civil war]]].
HISTORY

(14) Twice before – in [March 1979] and [February 1980] – [enemies] tried to kill
[Gemayel]Ä with [car bombs].[Thesecondblast]killed [[his] Ä 18-month-olddaughter].
HISTORY

(15) “[The newsof [thecowardlyassassination]Ä�Å ] Ä°ÆÈÇOÇOÇ is ashockto [theAmericanpeo-
pleandto civilisedmenandwomen]everywhere,” [PresidentReagan]saidin [a statementfrom
[theWhiteHouse]].
VERBAL REACTION 1

CRIMIN AL
(16) In [Jerusalem]É , [Israeli Prime Minister MenachemBegin] Ê cabled[[his] Ê condo-

lences]to [[Gemayel’s]Ä father, Pierre],saying[he]Ê was“shocked to [the depthsof [[my] Ê
soul] at [thecriminalassassination]Ä�Å .”
VERBAL REACTION 2

(17) [US mideastenvoy Morris Draper]Ë yesterdaymetwith [Begin] Ê in [Jerusalem]É and
vowedto negotiatean[Israeli andSyrianwithdrawal] from [Lebanon]Ì despite[complications
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causedby [[Gemayel’s]Ä death]Ä°Ë ].
CONTEXT

(18) [[Begin’s]Ê Pressspokesman,Uri Porath],said [[Begin] Ê and [Draper]Ë ] agreedto
work out [a timetablefor [thewithdrawal of [all foreignforcesfrom [Lebanon]Ì ]]].

(19) Meanwhilein [Rome], [PLO chairmanYasserArafat]Å yesterdayurged [Israel]Î to
“return to [[its] Î senses]”andnegotiatefor [a peacefulsettlementof [theMiddle Eastconflict]].

(20) In [a 19-minutespeechat [the Inter-ParliamentaryUnion]], boycottedby [Israeli del-
egates],[Arafat]Å blamed[Israel]Î for [the murderof [Gemayel]Ä ] Ä�Å andcalledon [the par-
liamentarians]to setup [a specialpanelto investigate[[Israel’s]Î “warcrimes”in [Lebanon]Ì ].
[He] Å accused[Israel]Î of trying to turn [Lebanon]Ì into “a protectorate”– UPI, AP1

A.2 Guards, Guards

Section1:

1. This is wherethedragonswent.

2. They lie ÇOÇOÇ
3. Not dead,not asleep. Not waiting, becausewaiting implies expectation. Possiblythe

word we’re looking for hereis ÇOÇOÇ
4. ÇOÇDÇ dormant. And althoughthe spacethey occupy isn’t like normalspace,nevertheless

they arepackedin tightly. Not acubicinchtherebut is filled by aclaw, atalon,ascale,the
tip of a tail, sotheeffect is like oneof thosetrick drawingsandyour eyeballseventually
realisethatthespacebetweeneachdragonis, in fact,anotherdragon.

5. They couldput you in mind of a canof sardines,if you thoughtsardineswerehugeand
scalyandproudandarrogant.

6. And presumably, somewhere,there’s thekey.

Section2:

1. In anotherspaceentirely, it wasearlymorningin Ankh–Morpork,oldestandgreatestand
grubbiestof cities.A thin drizzledrippedfrom thegrey sky andpunctuatedtherivermist
that coiled amongthe streets.Ratsof variousspecieswent abouttheir nocturnalocca-
sions.Undernight’s dampcloakassassinsassassinated,thievesthieved,hussieshustled.
And soon.

2. And drunkencaptainVimesof theNight Watchstaggeredslowly down thestreet,folded
gently into the gutteroutsidethe WatchHouseandlay therewhile, above him, strange
lettersmadeof light sizzledin thedampandchangedcolour ÇOÇOÇ

1Thenewsagenciesthatsuppliedtheinformation
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3. The city wasa,wasa,wasawossname.Thing. Woman. Thasswhat it was. Woman.
Roaring,ancient,centuriesold. Strungyou along,let you fall in thingy, love, with her,
thenkickedyou inna,inna,tingy. Thingy, in your mouth.Tongue.Tonsils.Teeth. That’s
what it, she,did. Shewasa ÇOÇDÇ thing, you know, lady dog. Puppy. Hen. Bitch. And
thenyou hatedher and,andjust whenyou thoughtyou’d got her, it, out of your, your,
whatever, thensheopenedhergreatboomingrottenheartto you,caughtyou off bal,bal,
bal, thing. Ance. Yeah. Thassit.Never know wherewhereyou stood. Lay. Only thing
you weresureof, you couldn’t let hergo. Because,becauseshewasyours,all you had,
evenin hergutters ÇOÇDÇ

Section3:

1. Dampdarknessshroudedthevenerablebuildingsof UnseenUniversity, premiercollege
of wizardry. Theonly light wasa faint octarineflicker from thetiny windowsof thenew
High Energy Magic building, wherekeen-edgedmindswereprobingthe very fabric of
theuniverse,whetherit likedit or not.

2. And therewaslight, of course,in theLibrary.

3. The Library was the greatestassemblageof magicaltexts anywherein the multiverse.
Thousandsof volumesof occultlore weightedits shelves.

4. It wassaidthat, sincevastamountsof magiccanseriouslydistort the mundaneworld,
theLibrary did not obey thenormalrulesof spaceandtime. It wassaidthat it wenton
forever. It wassaidthatyou couldwanderfor daysamongthedistantshelves,that there
were lost tribes of researchstudentssomewherein there,that strangethings lurked in
forgottenalcovesandwerepreyedonby otherthingsthatwereevenstranger.2

5. Wise studentsin searchof moredistantvolumestook careto leave chalk markson the
shelvesasthey roameddeeperinto thefusty darkness,andtold friendsto comelooking
for themif they weren’t backby supper.

6. And, becausemagiccanonly looselybebound,theLibrary booksthemselvesweremore
thanmerepulpedwoodandpaper.

7. Raw magiccrackledfrom theirspines,earthingitself harmlesslyin thecopperrailsnailed
to every shelf for thatvery purpose.Faint traceriesof bluefire crawled acrossthebook-
casesandtherewasa sound,a paperywhispering,suchasmight comefrom a colony of
roostingstarlings.In thesilenceof thenight thebookstalkedto oneanother.

8. Therewasalsothesoundof someonesnoring.

2All this wasuntrue. The truth is thatevenbig collectionsof ordinarybooksdistort space,ascanreadilybe
provedby anyonewho hasbeenarounda really old-fashionedsecondhandbookshop,oneof thosethat look as
thoughthey weredesignedby M. Escheron a badday andhasmorestaircasesthanstoreys andthoserows of
shelveswhich endin little doorsthataresurelytoo smallfor a full-sizedhumanto enter. Therelevantequationis:
Knowledge= power = energy = matter= mass;a goodbookshopis just a genteelBlack Hole thatknows how to
read.
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9. Thelight from theshelvesdidn’t somuchilluminateashighlight thedarkness,but by its
violet flickerawatchermight justhaveidentifiedanancientandbattereddeskright under
thecentraldome.

10. The snoringwas coming from underneathit, wherea pieceof tatteredblanket barely
coveredwhatlookedlikeaheapof sandbagsbut wasin factanadultmaleorangutan.

11. It wastheLibrarian.

12. Not many peoplethesedaysremarkeduponthefactthathewasanape.Thechangehad
beenbroughtaboutby magicalaccident,alwaysa possibility whereso many powerful
booksarekept together, andhewasconsideredto have got off lightly. After all, hewas
still basicallythe sameshape.And he hadbeenallowed to keephis job, which he was
rathergoodat, although‘allowed’ is not really the right word. It wastheway he could
roll his upperlip backto reveal moreincredibly yellow teeththanany othermouththe
UniversityCouncil hadever seenbeforethat somehow madesurethe matterwasnever
really raised.

13. But now therewasanothersound,the alien soundof a door creakingopen. Footsteps
paddedacrossthefloor anddisappearedamongsttheclusteringshelves. Thebooksrus-
tled indignantly, andsomeof thelargergrimoiresrattledtheir chains.

14. TheLibrarianslepton, lulled by thewhisperingof therain.

15. In theembraceof hisgutter, half amile away, CaptainVimesof theNight Watchopened
hismouthandstartedto sing.



Appendix B Statistical Background

Many of thestatisticaltoolsI usedthroughoutthis thesiswill notbefamiliar to theaveragelin-
guistevenif shespecialisesin computationalor corpuslinguistics.Althoughthey arestandard
farein otherfields,suchassociology, biology or medicine,(andquiteold hatsin statistics,to
behonest)they areonly encounteredhereandtherein corpusstudies.Unsurprisingly, themost
accessibleandthoroughintroductionto thesemethodsI have foundso far is (Lindsay1995),
which waswritten for socialsciencestudents.ThereforeI have decidedto discussthesemeth-
ods in somewhat moredetail thanusual. I assumelittle previous knowledge;readersshould
merelyknow whatamean,avariance,andaprobabilitydistribution is.

This appendixis structuredasfollows: First I critically discusstherole of statisticalanaly-
sisin corpusresearch(SectionB.1). ThenI introducetheconceptof randomvariables(Section
B.2). On this basisI thenexplain how generalisedlinear modelscanbe usedto describethe
distributionof arandomvariable(SectionB.3). SectionB.4 focusesontwo measuresof associ-
ation, Ñ maxandGoodmanandKruskal’s Ò . Finally, in sectionB.5, I introducetwo basictypes
of stochasticprocesses,PoissonprocessesandMarkov Chains,which areneededin Chapter
5.4.

B.1 Statistical Analysisof Corpora

In thissectionI addressthreegeneralissuesthatneededto beaddressedfor thecorpusanalyses
reportedin this thesis:thechoiceof statisticaltests,thereliability of theanalyseddata,andthe
limits of purelycorpus-basedresults.

Choice of Tests: Parametric or Non-Parametric? Most of the well-establishedstatistical
methodssuchasthe t-testareparametric. Thesemethodshave beendevelopedfor interval-
scaleddatathat show a normal distribution - which is not the casefor languagedata. First
andmost importantof all, languagedatais categorical. In mostcaseswe cannotestablisha
rank orderbetweeninstancesof a linguistic variable. Take for examplethe variable“forms
of referring NPs”. It is nonsenseto say that definite NPs are more of a referring NP than
pronouns. On the other handa variablethat can be regardedas ordinal is the accessibility
of a discourseentity, becausewe can say that an entity eÓ that hasnot beenmentionedfor
the last 2 paragraphsis lessaccessiblethan an entity eÔ that was last mentioneda sentence
ago. However, accessibilityis still not interval-scaledbecauseit would be nonsenseto say
that eÓ is four or five times lessaccessiblethan eÔ . Even when we can specify continuous
distributionsthat approximatediscretelinguistic data,thesedistributionsarerarely Gaussian.
As aconsequence,I will only usenon-parametrictests.MostapproachesI usearedesignedfor
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categoricalvariables;ordinalvariablesalmostneveroccurred.

Measuring Annotation Quality: Annotationsthat are to be analysedstatisticallyneedto
be reliableandvalid (Krippendorff 1980). Validity meansthat annotatorsareconsistentwith
themselves:whenre-annotatinga text aftera while, they shouldmake thesamedecisionsasin
the first annotations.This shows that they have developedstableinternalcategories,andthat
theresearcherhasbeenableto definethecategoriesin sucha way that they do not dependtoo
muchon theannotators’personalexperiencetheory(c.f. Section2.2.2).

An annotationschemeis reliable if two or moreannotatorsworking accordingto thesame
schemeproduceannotationswhichdonotdivergegreatlyfrom eachother(Krippendorff 1980).
A commonmeasureof divergenceis Ö (Cohen1960,Carletta1996),which is definedasÖØ×ÚÙ�Û�ÜÞÝ � Ù�Û�ßàÝá � Ù+Û�ßâÝ(B.1)

wherep(A) is theprobabilitythattheannotatorsagreeontheirannotations,andp(E) thechance
level of agreement.If theannotatorsagreeperfectly, Ö is 1, if agreementis exactly at chance
level (p(A) = p(E)),it is 0. A Ö below 0.67signalsbadinter-annotatoragreement,anda Ö above
0.8 indicatesthata satisfactoryannotationschemehasbeenfound. In this thesis, Ö wasused
for determiningthereliability of theSortalClassannotationsdocumentedin AppendixC.1.

Only Corpus Analysis? Statisticsis thekey to any quantitativecorpusanalysis.A survey of
corpus-basedwork in recentICAME, ACL andCOLING proceedingsshows threegroupsof
papers:thosethatmerelylist thecontexts in which the itemsof interestoccurredor reporting
contingency tables,thosethat test the significanceof certainassociationswith very standard
parametrictests,suchasz-scores,t-scores,and ã Ô -tests,andthosethat apply mathematically
more complex models,suchas factor analysis(Biber 1988) or log-linear models(de Haan
1987).For somescholars,their preferredmethodof statisticalanalysishasevenbecomesome
kind of signature. Which of thesegroupsusesthe bestmethods? The answerdepends,as
always,on theresearchquestions.In orderto make thatsibyllinic answermoreprecise,let us
considerthetwo mainproblemsof statisticalcorpusanalysis:sparsedataandlimited control.

By limited control, I meanthatwe cannotbesurethat theformswe areinterestedin occur
in all relevantcontexts of usage.This meansthatwe cannotcontrol for all potentialinfluences
asthoroughlyaswe would in a normalexperiment.Moreover, thecorpusdesigncriteriawill
inevitably affect the usagecontexts we do seeand,asa consequence,the distribution of the
formswe areexamining. Theseproblemscannotbe resolved if we just gatherinstancesfrom
thecorpusin a principledway, resemblinga controlledexperiment.Thecorpus,thesourceof
our data,is intrinsically biased;thereareno fully representative corpora,andtherewill never
be (BergenholtzandMugdan1989),sinceit is impossibleto get a balancedview of how and
in which contexts languageis usedin any onemomentin time. Theonly way to dealwith this
biasin astatisticallysoundmanneris to take it into accountin our interpretation.

By sparsedataI meanthatwhenexaminingrarelinguisticforms,suchasstressedpronouns,
chancesarethat the corpuswill containonly a few instancesof theseforms. The problemis
exacerbatedwhenit comesto very specificconstructionsthat arevery rarein naturalspeech,
but are neverthelesskey testsof semanticandsyntactictheories,suchassecond-occurrence
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focus(Rooth1996,Beaver, Clark andWoltersin preparation).We mayfind too few instances
for statisticaltestswhich demanda certainnumberof instancesper conditionsin orderto be
applicable.Thenecessarysizeof thecorpuscrucially dependson theanalysistask. But little
realprogresshasbeenmadeon this issueexceptfor speculationssuchasthemorefrequentthe
form understudy, the smallerthe corpuscanbe (de Haan1992). The only remedyis to be
extremelycarefulwith any inferentialstatistics.For thecorpusanalysesin this thesis,I relied
heavily on log-linearmodelsand logistic regression(Lindsay1995,Agresti 1990,Andersen
1990). Both methods,which arebasedon the theoryof generalisedlinear models,allow to
formulatetestablehypothesesabouttheinteractionbetweenlinguistic variablesin corpora.

But not only the statisticalinterpretationof rareusagesis difficult. Rareforms may also
be rarebecausethey constituteperformanceerrors,or becausethey aredifficult to processor
produce. The time-honouredheuristic“if it occursfrequentlyenough,it will be acceptable
(somehow)” is notapplicableanymore.Thiswasoneof thereasonswhy GreenbaumandQuirk
supplementedthe Survey of EnglishUsage,which wasdesignedto form the basisof a com-
prehensivegrammarof English,(Quirk, Greenbaum,LeechandSvartvik 1985),with elaborate
setsof elicitationandjudgementexperiments(GreenbaumandQuirk 1970).

Thus,if wefind areferringexpressionin anatypicalcontext, wefirst needto judgewhether
thatreferringexpressionis not in factmisused.But whatexactly is misuse?Overly ambiguous
co-specifications?Or caseswhereananaphoricexpressioncanonly beresolvedwrongly, even
if taking the semanticsof thesentenceinto account?Thestatisticalmodelcoverssucherrors
undertheheading“randomvariation”, anda detailedanalysisthenhasto ascertainhow much
of thatvariationis dueto error. Thisdetailedanalysisconsistsof two steps:inspectingthedata
thatcausesthevariationin thecorpus,anddesigningexperimentsto testwhich of theunusual
variantsarenot acceptable,andwhy. Suchexperimentscropup moreandmorefrequentlyin
theliterature,beit to replacelinguists’ intuitionsaboutexamplesby judgementsfrom untrained
nativespeakers(Bard,RobertsonandSorace1996,Cowart1997,Keller1998),beit to supple-
mentcorpusresults(de Moennink1997). For the purposesof this thesis,I limited myself to
layingsomeconceptualfoundationsandtestingthesefoundationsin corpusstudies.Designing
a testsuitefor pronounusesis acomplex enoughprojectin itself, andclearlybeyondthescope
of this thesis.

B.2 RandomVariables

Randomvariablesarevariableså thattakeoneachof their valuesv æ with acertainprobability
P(X = v æ ). For example,let R bearandomvariablewhosevaluesdescribetheform of areferring
expression— whetherit is headedby adefinite(DEF), anindefinite(INDEF), or ademonstrative
article(DEM), whetherit is a pronoun(PRO), or whetherit is a bareNP (BARE). Now, imagine
we draw an referring expressionat randomfrom paragraphs(12)–(15)of the Gemayeltext
(Appendix6.4.3). Thosesentencescontain18 referringexpressions,of which 9 aredefinites,
4 propernames,and2 pronouns.We canestimatetheprobabilitythatthis referringexpression
will bedefinite(R = DEF) by thepercentageof definitedescriptionsin thetext. This is 50.0ç ,
so that theempiricalestimatefor P(R= DEF), èP(R = DEF), is 0.5; thecircumflex denotesthatèP(R= DEF) is anestimate.But is 0.5 this thereal,“true” probabilitythata referringexpression
drawn randomlyfrom an arbitrarytext will be definite? No, for two reasons:First onesmall
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text from onegenredoesnot cover all the linguistic andextralinguisticinfluenceson theform
of a referringexpressionthat we would needto take into account.Second,rememberthat R
is a randomvariable: althoughit is extremelyunlikely that we will find no definitereferring
expressionsin anEnglishtext whenP(R= DEF) = 0.5,this doesnot meanthatthis casecannot
occur. Mathematically, theP(X = v æ ) aredeterminedby a so-calledprobability massfunction
p(x). This functionallowsusto makepredictionsabouttherelativefrequenciesof thevaluesv æ .

Most of the randomvariableswe aredealingwith herearecategorical; whatwe aremod-
elling quantitatively herearenot thecategoriesthemselves,but theircounts,or, moregenerally,
how often they arelikely to occurin arbitrarydatasets. It specifiesa probability distribution
on the valuesv æ of R. Lindsay(1995,Chapter4) surveys the mostimportantdistributionsfor
describingcounts.

In Chapters6 and7, therandomvariableswe areinterestedin describetheform of a refer-
ring expression.Most of the aspectswe areinterestedin canbe expressedby binary random
variables:Pronominalisedor not?DefiniteNP or not?Modifier or not?

Binary randomvariablesarecommonlymodelledusingabinomialprobabilitydistribution.
Let’s assumewe have a fixed numberof eventswhich occur independentlyof eachother. In
our case,theeventsarereferringexpressions.We want to determinehow many of theevents
belongto thecategory we areinterestedin, say, pronouns;theseeventscountashits,all others
asmisses. If the probability of scoringa hit, i.e. finding a pronounin a text, is p, then the
probabilityof scoringê hits in asampleof ë eventsisì Û ê Ý × í ë êïî Ù�ðñÛ á � ÙòÝôó¯õñð(B.2)

This equationspecifiesthe binomial distribution. In Chapter7, this probability occursagain,
this time with Ù and ë asadditionalparametersafterthe ê . P(ê ; ë ,Ù ) thusis theprobabilitythat
wewill scoreê hits in ë trys,giventhattheprobabilityof a hit is Ù .

B.3 GeneralisedLinear Models for CategoricalData

B.3.1 What is a GeneralisedLinear Model?

We have just seenthe mostbasiccaseof a statisticalmodel,wherewe only want to find out
how therandomvariablewe have measuredis distributed.Now, we wantto know whetherthe
distributionof avariableof interest,thetargetor responsevariableö , canbeexplainedby aset
of explanatoryor predictorvariableså÷æ . In otherwords,we wanta function thatpredictsthe
valueof ö on thebasisof thevaluesof the å÷æ .

In standardlinear regressionmodelling,whereall our randomvariableshave a Gaussian
distribution,weassumethatthis functionis linear:ø ×{ù æûú æ�ê°æ(B.3)

The lowercaseletterscorrespondto observationsof the randomvariablesö , å÷æ . The ú æ are
the parametersof the model. Eachterm hasoneparameter. A model is usuallyspecifiedby
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equationsof thefollowing form: öýü�å�ÓÿþZÇOÇOÇOþÈå ó(B.4)

wherethe å æ arethepredictorvariables,and ö the target variable. We canalsocombinethe
predictorvariablesinto morecomplex termson theright handsideof Eq. B.4. A termof the
type å æ � å � standsfor a compoundvariable. The valuesof this compoundvariableareall
possiblecombinationsof the valuesof å÷æ and å � . å÷æ : å � , on the otherhand,standsfor å÷æ
conditionedon å � .

If oneof the å æ is categorical,thevariableneedsto berecoded.For ourpurposes,werecode
variablesin thestandardway: Eachcategoricalvariable å with ë valuesv ÓEÇDÇOÇ v ó is replaced
by ë � á

binarysubvariableså �Ó ÇOÇDÇ@å �ó@õ Ó . Variable å �æ is 1 if å = v ó � Ó . If å = v Ó , then å �Ó =å �Ô = ÇOÇOÇ�å �ó¯õ Ó = 0. Theparametersú æ areestimatedby fitting Eq. (B.3) to thedataset.Other
recodingconventionsaredescribedin e.g. (VenablesandRipley 1997,Bortz 1993,Andersen
1990,Agresti1990).

Generalisedlinear models(GLMs) extend linear modelsto caseswherethe distribution
of the responsevariablecomesfrom the exponentialfamily, droppingthe strict requirement
that the distribution be Gaussian.In GLMs, a slightly different function is fitted to the data
(McCullaghandNelder1983): � × ù æ ú æ ê°æ�� � ×	� Û ø Ý(B.5)

The vector ø of observationsof ö is not fitted directly anymore. Instead,we fit a variable 
 ,
which is derived from the mean � of ø by the link function 
m×�� Û � Ý . The form of the link
functiondependson theprobabilitydistributionof ø .

In thisthesis,theresponsevariableis usuallybinary. In thatcase,wecanmodeltheresponse
variableashaving abinomialdistributionanduselogistic regressionto estimatethecoefficients
of the model,given a suitablelink function. Whenthe responsevariablehasmorethantwo
possiblevalues,we will baseour modelon a Poissondistribution andswitch from logistic to
log-linearregression.The nameof the two typesof regressioncomesfrom the link function:
in the first caseit is the logit link, that is the logarithm of ê /(1-ê ), in the secondcasethe
naturallogarithm. In log-linearmodelling,theparametersareestimatedon a slightly different
background:theaim is no longerto modelonetarget variableby a setof predictorvariables,
but to estimatethe joint distribution of a setof variables.This reformulationof the problem
makessensewhenit becomesdifficult to separatethevariablesinto targetsandpredictors.In
bothapproaches,regressionmodellingandtheestimationof joint distributions,parametersfor
thesametermswill have thesamevalues.

B.3.2 Model Selection

Every statisticalmodel hasto be evaluatedagainstthe datait is supposedto describe. The
modelsusedherespecifyprobability distributions. Thereforewe needways to comparethe
predicteddistributionagainstthatwhichwe foundin thedata.Therearetwo options:

1. We generateartificial datafrom themodeldistributionanddeterminewhetherit deviates
significantlyfrom therealdata.Thetwo datasets,realandartificial, canbecomparedby
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the ã Ô -testor theKolmogorov-Smirnov test.Giventwo datasets,thesetestscomputethe
probabilitythatthey arebothdrawn from thesamepopulation.

2. Wemeasurethedistancebetweenourmodelandthedataby calculatingthedeviance,the
deviationbetweenthepredictedandtheactualvaluesof thecontingency table.

On thefollowing pagesI will focuson thedeviance,astandardmeasurein modelselection.
In orderto understandhow it is calculated,let us recall that whenwe estimateour statistical
model,we arebasicallyfitting it to a contingency tablesof counts.Thesecountsspecifyhow
often eachcombinationof the valuesof all variablesoccur in the data. The saturatedmodel
exactly describesthedataset:Theexpectedfrequenciesarethefrequenciesthatactuallyoccur
in thecellsof thetable;thereareasmany parametersastherearecellsin thetable.This results
in a modelthatdoesnot generalise,but overfitsthedata.1 We now wantto determinewhether
a moreparsimoniousmodel is as likely, given the dataset,as the saturatedmodel,which of
coursegivesa perfectfit. Thelikelihoodfunctionmeasureshow plausibleit is thata modelM
hasgeneratedtheobserveddataset.For thebinomialdistribution,thelikelihoodfunctionis

� ÛIÙ ��ë Ý × í ë ê î Ù ð Û á � ÙòÝ ð(B.6)

wherex is thenumberof successes,n thenumberof events,andp theprobabilitythatanevent
is asuccess.In this case,themodelis characterisedby thetwo parametersp andn.

We cannow measurethe“distance”betweentwo modelsin termsof thedifferenceof their
likelihoods.Themostcommonlyusedversionof this differenceis thedeviance � :

� Û � Ó�� � Ô Ý × ��� Û � Û � Ó Ý ��� Û � Ô Ý1Ý(B.7)

where
� Ó is the moregeneral,

� Ô the morespecificmodel. For countdatathis equationbe-
comes � × ���

log ù��� cells
ë � log Ù ��� �������Ù � � !#"$�%�(B.8)

where ë � is the absolutefrequency of the combinationof variablevaluesthat correspondsto
cell & in thecontingency table,Ù ��� �����'� therelative frequency of thatcombinationaspredictedby
the TestModel and Ù � � !#"$�%� the real relative frequency of the combinationin the dataset. The
lower thedeviancethebetter. Thedevianceis alwayspositive,andcannever fall below 0. For
moreon thedeviance,see(Lindsay1995,Section3.2).

But thedeviancealonecannotbeasufficientcriteriumfor thequalityof astatisticalmodel.
It can easily be reducedto 0 by applying the saturatedmodel, which doesnot tell us more
thanwhatwe knew before.But thesaturatedmodelis alsothemodelwith the largestnumber
of parameters:it hasasmany parametersascells in thecontingency table. ThereforeAkaike
(1974)modifiedthisselectioncriterionby a termthatpunishesthenumberof parametersin the
model,yielding theAIC (shortfor An InformationCriterion):

Ü (*) ×+� þ �-,
parameters(B.9)

1For moreon theconnectionbetweenregressionon thepredictorvariablesandfitting the joint distribution of
predictorandtargetvariables,seee.g.Andersen(1990,Chapter8) or Lindsay(1995,Section2.3.2).
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A model
� Ó is betterthanamodel

� Ô if f its AIC is lower. Thereis no significancetestfor
theAIC, andBurnhamandAnderson(1998)arguethatsucha testwouldnotmakesense,since
all thenecessaryinformationfor comparingthequalityof themodelsis codedin theAIC itself.
For moreon interpretingtheAIC, seein particular(BurnhamandAnderson1998,Chapters2
and4).

The devianceis also the basisfor the popular likelihood ratio test. For our categorical
models,theteststatisticof thelikelihoodratiotest,oftencalled . Ô in theliterature,is equivalent
to thedeviance(Agresti1990,page83). Thelarger . Ô , themorethetwo modelsto becompared
differ. Whetherthedifferenceis significantcanbe estimatedusingthe ã Ô distribution with /
degreesof freedom,where / is thenumberof termsfrom model

� Ô thatareomittedin model� Ó . For a justificationof this approximation,seeAndersen(1990).

The devianceis also useful when we want to determinehow eachof the predictorvari-
ablescontributesto describingthe distribution of the target variable. For linear models,the
correspondingtechniqueis theinfamousANOVA, which measurestheamountof variationex-
plainedby eachtermandeachcombinationof terms. In ANOVA thevariationis specifiedby
thevariance.For GLMs, weneedto replacethevarianceby thedeviance.

Oneof themainadvantagesof regressionanalysisis thatit allowsusto evaluatethecontri-
butionof eachtermontheright-handsideof theformulaseparately. Wesimplybuild themodel
stepby step.At eachstep,a new termfrom theright-handsideis addedto themodel.andthe
devianceof theresultingmodelis computed.If thedevianceof thenew, morecomplex modelis
not significantlylower thanthatof theold model,thenthenew termis irrelevant. Whetherthe
contributionof a termis significantcanalsobetestedusingtheF-ratio(McCullaghandNelder
1983,page69). TheF-ratiois givenby

0 × � Û � Ó Ý � � Û � Ô ÝÛ 1325476 � 1325498 Ý :9; Ô(B.10)

where
� Ó is themoregeneralmodelwith fewerparametersthan

� Ô , � Ô only differsfrom
� Ó

in thatit includesthetermto betested,; Ô is theestimatedvariance,and
132<4

arethedegreesof
freedomof themodel

�
. Thedegreeof freedomcorrespondsto thenumberof termsthatare

removedwith respectto thesaturatedmodel.Thesignificanceof theF-ratiois estimatedby the
F-distribution.

Wehaveseenthatcategoricaldataanalysisprovidespowerful toolsfor formulatinghypothe-
sesaboutdata. By comparingdifferentmodelsandperforminganalysesof deviance,we can
determinewhethertermsin the modelarenecessaryfor describingthe co-occurrencecounts
that we find in our data. In order to apply this methodologyto our linguistic data,we just
needto translateour linguistic factorsto randomvariablesandstateour hypothesesaboutthe
interactionsbetweenthosefactorsin termsof astatisticalmodel.But despitetheseadvantages,
statisticalmodelsareno Swissarmyknife for corpuslinguistics,becausethey make strongas-
sumptionsabouttheindependenceof theeventsthatthey model.If theratio betweenthemean
andthevarianceof thecountsis largeror smallerthan1, this is a sign for over-dispersion ( =
1) or under-dispersion( > 1), andany significanceresultsshouldbehandledwith extremecare,
becausethemodelis definitelytoo simplistic.
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A Note on the Literatur e: Although log-linearmodelsand logistic regressionarepopular
tools for theanalysisof contingency tablesof counts,they areencounteredrarely in computa-
tional linguistics.In sociolinguistics,log-linearmodelswereintroducedasearlyas1970by the
seminalwork of Sankoff andassociates.In thatdiscipline,they go underthenameVARBRUL
(Sankoff 1978,Kay andMcDaniel1979,Sankoff andLabov 1979). Several linguistshave al-
readyappliedthe freely availableprogramto their corpusdata,e.g. (Myhill 1992)or (Prince
1992),bothon formsof referringexpressions.In hissurvey of statisticalmethodsin corpuslin-
guisticsOakes(1998,Section1.5) discussesboth log-linearmodellingandlogistic regression
briefly. In computationallinguisticslogistic regressionis usedfor predictingbinaryvariables;
recentexamplesare(Pan 1998),(Franz1997),and(Kessleret al. 1997). It tendsto fareless
well thanmoresophisticatedapproaches;this might largely bedueto thestrongindependence
assumptionsbehindthebinomialdistribution. Recently, BruceandWiebe(1999)have started
to popularisedecomposablelog-linearmodelsby areview articlein ComputationalLinguistics.
They usethe programCoCo(Badsberg 1995) for estimatingmodelparametersandcompar-
ing differentmodelarchitectures.Andersen(1990,Chapter6) demonstrateshow hierarchically
nesteddecomposablemodelscanbeestimatedandanalysedwith standardsoftware.

B.4 Measuresof Association

Most of the time, I usefairly standardtestsfor detectingassociationsbetweentwo variables:
Fisher’s ExactTestfor contingency tables,or, if thetableis too largefor my particularcombi-
nationof program(R, IhakaandGentleman1996)andcomputer(Pentium133,64 MB RAM)
andeachcell containsenoughentries,the ã Ô test.(For 2 ? 2 tables,R’sfisher.test routine
usestheoddsratio test).But in chapter6, whereI dealwith smalldatasets,I supplementthese
statisticaltestswith two descriptive measures:GoodmanandKruskal’s Ò (Agresti 1990,Eq.
B.14) and Ñ max(Darlingtonn.d., Eq. B.15)). Sinceboth measuresare little known, hereis
somebackgroundto helpunderstandthenumbers.

Goodmanand Kruskal’ sTau. Ò (Eq. B.14)measureshow muchtheamountof unexplained
variationof a variableö , @ Û ö Ý , is reducedonceweknow thevalueof anothervariableå :Ò × @ Û ö Ý � ß A @ Û öCB å Ý D@ Û ö Ý(B.11)

Thereareseveralmeasuresfor thevariationof acategoricalvariable;for Ò , theGini concentra-
tion is used:

@ Û å Ý ×wù æ ì Û å�×	E ÝDÛ á �Èì Û å�×	E Ý�Ý × á � ù æ ì Û å�×	E Ý Ô(B.12)

whereE standsfor thepossiblevaluesof å .
If thevariationof ö given å is equalto thevariationof ö , thereis no associationbetween

thetwo features,thevaluesof å cannotbeusedto predict ö , hencetheproportionalreduction
is equalto 0. On the other hand,if ö canbe predictedcompletelyon the basisof å , then
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E[V( öFB å )] = 0 andtheindex becomes1. With

ß A @ Û öCB å Ý D × á � ù æ ù � ì Û å�×	EG��ö ×IH Ý Ôì Û å�×JE Ý(B.13)

we thengetthefollowing formulafor Ò :

Ò�× K � K æMLONQPSR æ � T R �GU
8

LONQPSR æ U � K � ì Û öý×IH Ý Ôá � K � ì Û öý×IH Ý Ô(B.14)Ò hasanintuitiveinterpretationif wepredictthevalueof ö usingaproportionalpredictionrule.
Proportionalpredictionmeansthat a new dataitem is assignedto category E with probability
P(ö ×VE ). In this case,the variationV( ö ) givesthe probability of an incorrectguess,and Ò
measuresto what degreeknowing the valueof å reducesthe probability of guessingwrong.
We will useÒ to determinewhetherit is possibleto predictentity statusfrom certainlinguistic
featuresin isolation.

Lambda max. Ñ maxhastwo interpretations,acausationandapredictionone.Here,wewill
useit asan indicatorof causation.Let us assumethat å is our suspected“cause”or, more
neutrally, thetreatmentvariable,and ö theeffector dependentvariable.Assumethatthevalueså correspondto thecolumns,andthevaluesof ö to therowsof thecontingency table.

To computeÑ max, we first determinethehighest
ì Û ö ×WHXB å ×YE Ý for eachH . ThevalueE of å for which

ì Û ö ×WHZB å ×YE Ý is highestcanbesaidto have thestrongestcausallinks to
thevalue H of ö . In otherwords,if we want to predictwhen ö takesthevalue H on thebasis
of the currentvalueof å , then å ×VE is the mostreliableindicatorof ö ×[H that we have.
If theprobability is 1, thenthepredictionis perfect,if it is lower, thereis still somedegreeof
insecurity.

We thenpool the
ì Û ö ×JHZB å ×\E Ý “best indicators”by summingthemup. 1 is subtracted

from that sum,andthe result is dividedby thenumberof columnsë P minus1. The formula
thusreads: Ñ^] " ð × K �`_Fa ê°æ ì Û ö ×bHZB å�×	E Ý � áë P

� á(B.15)Ñ max is 0 if andonly if å and ö areindependent,in which casewe have P(öcB å )=P(ö ),
andthesumin thedenominatorbecomesequalto 1. Themaximumvalue Ñ maxcanattainis nT -
1/nP -1, wherenT is thenumberof possiblevaluesof ö , andnP thenumberof possiblevalues
of å . It follows that we cannotcomparethe Ñ max valuesdirectly for featureswith different
numbersof values. ThereforeI never give just the value of Ñ max, but also the maximum
valueit canattainandthepercentageof themaximumvalueattained.In computingÑ max, the
contributionsof eachcategory E of å arenotweightedaccordingto theirfrequenciesP(åU×dE ).2

2 e max alsohasa frequency interpretation:It comparesthe observedfrequency of a pair of valuesto the fre-
quency they wouldhaveif f and g wereindependentandexpressesthedifferencebetweenthesetwo frequencies
in termsof themaximallyattainabledifference,which we getif eachvalueof f is mappeddeterministicallyonto
a valueof g .
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B.5 StochasticProcesses

This sectionintroducestwo typesof stochasticprocessesthat arebe neededin Section5.4.1.
First I introducewith Poissonprocesses,then,I briefly presentMarkov Chains.

B.5.1 PoissonProcesses

Poissonprocessesbelongto the family of point processes, which describethe distribution of
pointsin spaceor eventsin time. Poisson-basedmodelsassumethattheseeventsaregenerated
by a randommechanism.Thetimesor temporaldistancesbetweentwo events E and Eÿþ á

are
modelledby randomvariableså÷æ . Theseå÷æ do not dependon eachother: They areindepen-
dentlydistributed.Furthermore,we assumethat therandomdistribution which determinesthe
lengthof each å÷æ is the samefor all temporaldistances:The å÷æ are identically distributed.
Thatdistancesareidenticallyandindependentlydistributed(or i.i.d., for short)is averystrong
claim, andit is thefirst assumptionthathasto beverifiedbeforewe canclaim thatsomething
canbemodelledby a Poissonprocess.

The assumptionof i.i.d. distancesis somethingthat Poissonprocessessharewith other
typesof stochasticprocesses,suchasrenewal processes.What is specialhereis thattheprob-
ability thataneventoccursin anarbitraryinterval (t, t+ h t]3 is supposedto begovernedby the
following threeequations(CoxandMiller 1965,page6, Equations7-9):Ù+Û eoccursoncein ( i��Gi+þjhki ] Ý × lmhni+þIo Û hni Ý(B.16) Ù�Û edoesnotoccurin ( i��Gi+þjhki ] Ý × á � lmhkiÿþIo Û hni Ý(B.17) Ù�Û eoccursmorethanoncein ( i��Gi+þjhki ] Ý × o Û hni Ý(B.18)

Since o Û hni Ý is by definitiona termthat is alwayssmallerthan hni , Eq. B.18 meansthat in an
infinitely small interval of time, the event will only occuronce. The term l in the other two
equations,Eq. B.16andB.17,is calledtheintensityof theprocess;thehigher l , themorelikely
it is thataneventoccurs.FromequationsB.16–B.18,it follows that the å÷æ areexponentially
distributed(CoxandMiller 1965,page147):

Lemma B.1 Let Z be a variable that correspondsto the time that haselapsedsincethe last
timeevent p occurred.
Let the probability that p occurs within an arbitrary interval (t,t+ h t] conformto equations
B.16–B.18.
Finally, let P(x) = p(Z = x) be the probability that the time betweenthe last and the next
occurrenceof e is greaterthanx. Then,Z is exponentiallydistributed:ì Û ê Ý ×Jp õ q ð(B.19)

BecauseZ is exponentiallydistributed,its expectationE(Z) andits varianceV(Z) areßØÛ r Ý × áts l(B.20)

@ Û r Ý × áts l Ô(B.21)

3Theinterval is openat thestarttime t, andclosedat theendtime, t+ u t.
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So far, we merelyhave a probabilisticmodelof the time thatelapsesbetweentwo successive
events. Now, we develop this modela little further: we want to predictthenumberof events
thathaveoccurredsincetheprocessstarted.Thetime vïæ thatelapsesbetweenthefirst eventand
theith eventis givenby

vïæ�× æù� R Ó å �(B.22)

Becausethe å æ areexponentiallydistributed,the meanof vïæ is E s l , andthe varianceis E s l Ô .
Now, thenumberof events w Û i Ý thathave takenplacefrom the starttime up until a time i is
simply thenumberof eventsx for which vOy is just below i :

w Û i Ý × maxz5x|{*vOyZ}~i��(B.23)

Since the å÷æ are independent,N( i�Ó )-N( iôÔ ) and N( iôÔ ) are also independentfor arbitraryi�Ó��GiôÔ��$i�Ó�=�iôÔ . N(t) hasa Poissondistribution with parameterl t (for a proof, seeCox and
Miller 1965,page149f.): ì Û w Û i Ý ×JE Ý ×	p õ q3� Û l-i Ý æEG�(B.24)

Thereforetheprocesswhichdescribesthecountsw Û i Ý is calledaPoissonprocess:

Definition B.1 (Stationary PoissonProcess)Let å÷æ bea seriesof i.i.d. randomvariableswithå÷æEü�pDê Ù�Û l Ý andS� :=
K �æ R Ó å÷æ . Then,

w Û i Ý × maxz5x�{*vOyO�~i��(B.25)

is a Poissonprocesswith rate l .

Poissonprocessescan be both stationaryand non–stationary. The definition I have just
given is for stationaryprocesses:For stationaryprocesses,the rate l doesnot changeas a
functionof time. For non–stationaryprocesses,therateis givenby amonotonicallyincreasing,
non-negative andcontinuouslydifferentiablefunction � Û i Ý , which is thesamefor all å÷æ . The
definitionof anon-stationaryPoissonprocessis givenbelow (Leopold1998,Definition2.4.2)

Definition B.2 (Non-stationary Poissonprocess)A non-stationaryPoissonprocessN(t) is de-
finedby twoproperties:

1. thedifferenceN(t)-N(s),t = s,andthenumberof eventsN(s)at timesare independent

2. ì Û w Û i Ý ×	E Ý ×+p õ � N � U Û � Û i Ý�Ý æE$�(B.26)

where � Û i Ý is a non–negative, monotonicallyincreasing, andcontinuouslydifferentiable
functionwith � � Û i Ý bounded.

Definition B.2 may not appearvery similar to Definition B.1 for stationaryPoissonpro-
cesses,but in fact,we canadaptit quiteeasilyto thestationarycaseby replacing� Û i Ý with l-i .
A similar definitionof stationaryPoissonprocessescanbefoundin (Resnick1992,page303),
for moreon therelationbetweenthetwo definitions,see(Leopold1998,Chapter2).
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B.5.2 Mark ov Chains

Markov Chainsare behindmany popularmethodsin speechand languageprocessing,most
notablyHiddenMarkov Models(RabinerandJuang1993).They arealsooneof themostbasic
typesof stochasticprocessmodels.

Markov Chainsconsistof a sequenceof states,which areconnectedby transitions. The
transitionprobabilitiespæ � specifythe probability of going to stateH from state E . For a first-
orderMarkov chain,theseprobabilitiesdonotdependonthestatesthathavebeenvisitedbeforeE ; theprocessis memoryless.Below, I givea moreformal definition.

Definition B.3 (Mark ov Chain) Let z�å æ%� bea sequenceof randomvariables. å æ specifiesthe
statethata stochasticprocessis in aftertheith transitionbetweenstates.Theinitial distributionz a �<� specifiesfor each state / theprobability that theprocessstartsin that state:ì A å��©×�/ D × a �<��/��	�(B.27)

Thetransitionmatrix P = z pæ � � specifiestheprobability of going to statej fromstatei in
onetransition: ì A å ó � Ó ×jHXB å ó ×JE D × Ù æ � for any ë��d�(B.28)

Thisprocessis calleda Mark ov Chain iffì A å ó � Ó ×bHZB å��©×JE%����å ó@õ Ó ×JE ó¯õ Ó���å ó ×JE D × Ù æ �(B.29)

(Mark ov property)
A stateE is calledrecurrentiff theprocessreturnsto statei in a finitenumberof steps.



Appendix C The BROWN-COSPEC Corpus

This appendixdocumentsthe BROWN-COSPEC corpusthat is usedextensively in the thesis.
SectionC.1 describesthe annotationsanddiscussesthe problemof defininga Genrevariable
on a representative corpuslike Brown, andSectionC.2 reproducesthesortalclassannotation
manualthatwasusedin annotatingthetexts.

C.1 Annotations of the BROWN-COSPEC Corpus

TheBrown corpusof written AmericanEnglish(FrancisandKučera1979)wasdesignedto be
representative of the stateof the languageat that time. Sincethen it hasbecomea standard
sourceof datafor corpus-basedresearchon AmericanEnglish. Thesecategorieshave often
beentakento correspondto genres.In contrastto text types,which aredefinedon thebasisof
text-internalcriteria (Biber 1988,Linke, NussbaumerandPortmann1994),genresaredefined
in termsof non-linguisticcriteria. Whatthesenon-linguisticcriteriashouldbedependslargely
on the researcher. The EAGLES consortium(EAGLES 1996a,EAGLES 1996b)proposeas
externalcriteria the participants,the occasion,the socialsetting,the communicative function
of the piecesof language,and so on. While Biber (1988) characterisesgenresin termsof
author/speaker purpose,Swales(1990) definesgenresas setsof texts which have a similar
communicative purposein a givendiscoursecommunity. The normsfor genresaresetup by
thediscoursecommunitywhichproducesandreadstextsbelongingto agenre,andthesenorms
affect both form andcontent.Genresareinherentlyfuzzy—sometexts aremoreprototypical
for a genrethanothers.For example,whereastheGemayeltext in Appendix6.4.3is a typical
newspaperreport, the Pratchetttext (Appendix A.2) is a parodyof the genreit belongsto,
fantasyfiction. Recentdevelopmentsin genretheorycombineboth aspectsof genre: Steen
(1999)arguesfor a prototypetheoryof genres,wheregenresthatareperceivedasprototypical
by peopleareto be listedasbonafide genresandsubdivisionsof thesegenresarecalledsub-
genres.

For practicalpurposes,genredefinitionsà la Swalesarevery difficult to transferto large
corporasuchasLIMAS or theBrown corpus,becausethecategoriesthatwereusedto collect
thecorporaareoftenbasedon contentclassifications.How canlinguistswho want to explore
languageuseacrossgenresdeal with this problem? Lee (submitted)advocatesa pragmatic
approach.For him,genresaredefinedwith respectto thefunctionof atext, notwith respectto a
bundleof co-occurringlinguistic features.Thataspect,theaspectof linguistic form, is reserved
to register. Lee’s functionlabelsarederivedfrom commonlyacceptedcategoriesanddomains,
suchassocialsciencesor fiction.

For the LIMAS corpus(Glas1975),whosecategorieswere taken from the classification
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text id content source
CF19 argumentaboutAmericanfolklore (Coffin 1961)
CF25 expository, wine-drinkingin France (Churchill 1961)
CF31 argumentabouttheguilt of Lizzie Borden (Radin1961)
CG02 expository, historyof nationalism (Miller 1961b)
CG11 argumentabouttheirrationalityof fear (Oppenheimer1961)
CG35 political speech (Eisenhower1961)
CK05 generalfiction (Stacton1961)
CK25 generalfiction (Miller 1961a)
CK29 generalfiction (Schiller1961)
CL04 mysteryfiction (Alexander1961)
CL06 mysteryfiction (Dewey 1961)
CL22 mysteryfiction (Barlow 1961)

Table C.1. Characterisationof textschosenfrom theBrown corpus

systemof theDeutscheBibliografie,a library classificationschemewhich goesmainly by do-
main,not by genre,WoltersandKirsten(1999)usedclassificationswhich wereeasyto derive
from theexistingsystematicswithout having to re-readandre-classifythecompletecorpus.

In their work on the Brown corpus,Kessleret al. (1997)replacedthe existing categories
with threegeneric facets, BROW, NARRATIVE, and GENRE. Of the 802 separatetexts (from
500sources)in thecorpus,they only chosethose499which couldbeclassifiedunequivocally
underthis scheme.The facetsexpressdistinctionsthat “answerto certainpracticalinterests”
(page33). BROW specifiesthe“intellectualbackground”(page34) thatthereadersof a text are
assumedto have. Thatthis facetalsodescribesto a certainextentthesocialclassof thereader
is suggestedby the namesof the four categories: “popular”, “middle”, “upper middle”, and
“high”. GENRE correspondsmorecloselyto traditionalgenresasdefinedby Swalesor Biber.
Thatfacethassix values,“reportage”,“editorial”, “science/technology”,“legal”, “nonfiction”,
and“fiction”. Finally, NARRATIVE characteriseswhethera text is a narrative or not. Overall
the categoriesof Kessleret al. (1997) appearto be a mix of external criteria, in particular
participant-related,domains(which occur in valuesof the GENRE facet),anda classicaltext
type,“narrative”.

The experiencesof Kessleret al. (1997)andWoltersandKirsten (1999)show that it is
difficult to reclassifycorporafor genrethathave not beenbalancedproperlyfor that factorin
thefirst place.Lee(submitted)hasre-classifiedall texts from theBNC in greatdetail. We still
needto investigatewhetherthisre-classificationschemecanbeappliedto theBrown corpusand
how it would affect our genrecategories.But that is definitely futurework. For now, we take
thepragmaticwayoutandacceptedthegenredefinitionsof theoriginalauthorsasdescribedin
(FrancisandKučera1979).TableC.1givesamoredetailedoverview of thecontentof thetexts
weselectedfor BROWN-COSPEC.

Partsof theBrown corpushave beenannotatedsyntacticallyin thePennTreebankproject
(Marcus,SantoriniandMarcinkiewicz 1993). Accordingto the documentation(LDC 1995),
thesyntacticannotationof theBrown datais themostthoroughlycheckedof theannotationsin
thecorpus.Thereforeit is relatively safeto automaticallyextractsyntacticinformationfrom the
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PennTreebankparsesof thatdata.Sincecorpusannotationcanbeextremelyonerousandtime-
consuming,existing annotationsshouldbeusedasfar aspossible.Thereforewe only selected
texts for which parsesareavailablein the PennTreebankversionthat wasused,version2.0.
Thetwelvetextsbelongto four groups,CF, CG, CK, andCL. CF andCG aretheonly non–fiction
genresfor which parsesareavailable.Only texts wereselectedwhich containvery little direct
speech.

An extractionprogramextractedall markablestogetherwith informationabouttheir form.
Thetexts wereannotatedfurtherusingtheannotationtool REFEREE. Both theextractionpro-
gramandthe annotationtool aredescribedby DeCristofaro, StrubeandMcCoy (1999). The
extractionprogramdeterminedtheform of a NP from its Treebankparse:If thePOStagpoint
to a propername,a personalpronoun,a possessive pronoun,or a demonstrative, theNP is as-
signedthecorrespondingvalue.If theNP containsoneof theindefinitedeterminers“a”, “an”,
or “some”, it is labelledasindefinite,if it containsthedefinitedeterminer“the”, it is labelledas
definite.Else,it is assignedthecategory “none”. Theimplementationwe usedfor pre-tagging
our corporadoesnot distinguishbetweenindefinitesandbareNPs;both arelumpedtogether
underthecategory INDEFNP. SubjectNPsarelabelledin thetreebankfunctionaltags.Object
NPsareall NP childrenof a VP. PPsaremostlyclassifiedasadjuncts;they areonly classified
ascomplementsif they havebeenassignedthefunctionaltag“put” by theTreebanklabellers.

After preprocessing,two annotatorschecked markablesand addedco-specificationse-
quences,MCUs, agreementlabels, and sortal classinformation. The annotatorswere first
trainedononetext. Theneachannotatorlabelledtwo textspergenrewith SortalClass.

After this brief methodologicalexcursion,let us turn back to the annotationof BROWN-
COSPEC. First theannotatorscheckedall NPsthathadbeenmarkedasreferring(in theMUC
terminology, markables). Therewerefour maintypesof corrections:

1. unmarkreflexivesandreciprocals,whicharesyntacticallyboundby their antecedents,

2. unmarkheadNPsof referringexpressionswhenever theheadandthecompletereferring
expressionhadbeenanalyzedastwo separate,nestedreferringexpressions,

3. marktheargumentof presentationalconstructionssuchas“therewas”asreferring,and

4. mark constituentsof coordinatedNPsasreferringexpressionswhenthey hadnot been
markedseparately, andwhenthey werepartof a co-specificationsequence

In thesamepasstheannotatorslabelledco-specificationsequences.Theonly permittedlink be-
tweenareferringexpressionandits antecedentwasidentity. Theannotationconventionsfollow
thosesetout in Section5.2.1. Table7.5 summarisesinformationaboutthe discourseentities
andco-specificationsequencesin eachof thetexts andcategories,while Table7.6presentsthe
frequenciesof typesof referringexpressions.

In a secondpassall referringexpressionswereannotatedwith agreementandsortalclass.
Seven agreementclassesweredefined,combiningnumberandgenderfeatures:third person
masculine(3M), third personfeminine(3F), third personneuter(3N), third personplural (3P),
first personsingular(1S),first personplural (1P),secondpersonsingular(2S),andsecondper-
sonplural (2P). The annotationswerebasedon the surfaceform. For example,an auctorial
pluralis maiestatiswaslabelledas1P, althoughit refersto a singlefirst-personauthor. Coor-
dinationswerelabelledasplural, disjunctionsassingular. Giventhatmostof thesetexts were
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publishedin the early Sixties,we chosemasculine(M) asthe default genderfor genericsin-
gular referencesto membersof a profession.Incidentally, the third personmasculinesingular
pronounwasalsothemostfrequentchoicefor pronominalreferenceto suchgenericentities.3F
wasonly usedif thepersonswerereferredto wereclearlyfemale.Thethird personimpersonal
singularpronoun“one” waslabelledas3N.

Thesortalclasscategoriesaremoregeneralthanthosethatweredefinedfor theradionews
texts (c.f. Section6.2.3). As the topicsof the BROWN-COSPEC-texts aremuchmorevaried
thanthoseof theradionews texts, theradionewscategoriescannotbetransferreddirectlyonto
thenew corpus.Thefirst sourceof sortalclassesthatspringsto mind areontologies.Most of
the ontologiesthathave beenproposedfor naturallanguageunderstandingsystemsor lexical
knowledgebaseshave a more or lessstrict hierarchicalstructure. If we were to chooseall
categoriesfrom a singlelevel of theontology, it is likely that this samplewould eitherbe too
coarse(without a specificcategory for “person”, for example),or too fine-grained,if we pick
andchoosefrom severallevelsof theontology, wemuststill makesurethattheresultingclasses
aredisjoint. Moreover, thereis no suchthing as “the” NLP ontology (Guarino1998,Hovy
1998). While someresearchersfavour a traditional lexicon-orientedstructure(Miller 1995),
othersdecideto developafull-scaleknowledgebase(Lenat1995)whichalsosupportscomplex
inferencesfrom context.

We solvedthis problemby defininga setof sortalclasseson thebasisof WordNet(Miller
andFellbaum1992,Fellbaum1998). WordNetis a databaseof lexical semanticrelationsbe-
tweenEnglishnounsandverbs.Eachwordmeaningis representedby aSynSet,whichconsists
of ashort,keyword-likespecificationof themeaningandlinks to relatedSynSets.All WordNet
SynSetsarelinkedto oneof anumberof BaseTypes.BaseTypesarea hierarchicallystructured
setof semanticclassesfor bothnounandverbdenotations.

Theoriginal classdefinitionsarebasedon the71 EuroWordNetBaseTypes(Vossen1998).
TheseBaseTypesareintendedto be language-independentandserve for all language-specific
WordNetsthatwerebuilt in thatproject.Thesortalclassesaredefinedextensionallyasasetof
SynSets.Referringexpressionsareclassifiedon thebasisof their headnouns.

In order to aid annotation,I wrote a small programthat determinesthe potentialsortal
classesof a nounby looking up hypernymic synsetsin WordNet. Theinitial SynSetsthatcor-
respondto sortalclassesweretakenfrom thedefinitionsof theBaseTypes;someotherSynSets
hadto beaddedduringannotation,whentheclassificationtool failedto find a sortalclassthat
correspondedto the highesthypernymic SynSetof a word. The algorithmis given in Figure
C.1. The annotatorthenhasto choosefrom thesesortalclasseson thebasisof thecontext in
whichthewordoccursandthedescriptionsof thesortalclassesin theannotationmanual,which
is reproducedhereasAppendixC.2.

In orderto establishthe reliability of thecodingscheme,8 of the12 texts wereannotated
with SortalClassby two linguistsTheremainingfour textswereannotatedby onelinguist. The
otherannotatoraddedMCUs to all texts. 1 Theeighttextsbothannotatorshadworkedon form
thebasisof the Ö -values.

1Thetwo annotatorswereMichaelStrubeandmyself. MichaelStrubetook over theSortalClassannotations,
while I labelledtheunits.
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Input: headnounof referringexpression;pairsof SynSetsandsortalclasses

1. look upall hypernymic SynSetsin WordNet

2. for eachmeaningm of theword,
startwith synsets correspondingto m
while ((sortalclassnot found)or (highesthypernym not reached)do

if (synsets is associatedwith asortalclassc) then
associatemeaningswith sortalclassc
flagsortalclassfound
associatemeaningwith sortalclassandsynset

elseif(thereis a synsets’ thatis thehypernym of s)
s := s’

else
associatemeaningwith synset
flaghighesthypernym reached

Output: list of sortalclassesanddescriptionsof SynSetslookedup in WordNet.

Figure C.1. Algorithm for computingthe potentialsortal classesof a word from WordNet
hypernymic SynSets

Although therewereno labelsfor uncertainclassificationsor borderlinecases,the anno-
tatorscould opt for “Sortal Class=none”if noneof the classesseemedto fit the referringex-
pression.Sincethe SortalClassannotationis quite complex, we measuredthe reliability of
theseannotationsusingCohen’s Ö (Cohen1960,Carletta1996).A valueof Ö between0.68and
0.80allows tentative conclusions,while Ö�= 0.80 indicatesreliableannotations.Overall, the
annotationsarereliable( Ö�× 0.8) Breakingdown the resultsby genre,we find that for CF ( Ö× 0.83),CK ( Ö�× 0.84)andCL ( Ö�× 0.83),reliability is still fine, but thereareproblemswith
genreCG ( Ö × 0.63),which containsmany abstractdiscourseentities. Most of the problems
aredueto theabstractclassesConcept,Action, Event,State,andProperty. Therearetwo main
reasonsfor this: Firstsomenounsareusedmetaphorically, andit is upto theannotatorto detect
themetaphors,second,abstractheadnounssometimeshave severalsensesthat fit thecontext
almostequallywell, but thatleadto differentsortalclasses.

Thedivisionof annotationlabourimpliesthatwhenit cameto distilling thefinal sortalclass
labels,we couldnot just take thoselabelsthatbothof ushadagreedon. Instead,I decidedto
usethejudgementsof theSortalClassannotator, exceptfor two texts from genreCL, for which
only the secondannotatorhadprovided a full annotation.This shouldnot greatlyaffect our
resultssincethe overall agreementwasacceptable.In general,for any moderate-scaleeffort
without externalfunding,suchasours,you needto strike a balancebetweenproducingmore
dataor painstakinglycheckingeachannotationwhereyou disagree.If you want to establish
gold-standarddatasets,thesecondstrategy is clearlyright (for recentexamples,seee.g.Wiebe,
BruceandO’Hara1999,Teufelet al. 1999).If you just wantenoughdatafor your research,it
is sufficient to establishgoodannotationguidelinesandtrain theannotatorswell. This appears
to becommonpracticein mediastudies,wherecontentanalysisoriginated(Früh 1998).
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Class Definition
Person oneor morehumanbeings
Group institutionalisedgroupof humanbeings
PhysObj physicalobject
Concept abstractconcept
Loc geographicallocation
Event somethingwhich takesplacein spaceandtime
Action somethingwhich is done
State stateof affairs,feeling, ÇDÇOÇ
Property characteristicor attributeof something
Time date,timespan

TableC.2. Overview of SortalClasseswith roughcharacterisationsof relevantsynsets

In contrastto theradionewstextstheBROWN-COSPEC-textswerenotannotatedwith count-
ability or genericity, becauseit is very difficult to definea reliableannotationschemefor both
of theseproperties(Poesio,Henschel,HitzemanandKibble 1999).For thesamereasons,lack
of reliableannotationschemes,we neitherlabeledthematicroles,nor did we classifythepred-
icatesof eachclauseaccordingto time, aspect,and aktionsart. This meansthat the corpus
cannotbeusedto inducealgorithmsfor generatingreferringexpressionsor resolvinganaphora
that rely on suchinformation. For example,in English,genericitysubstantiallyinfluencesthe
choiceof determiner(Behrensin preparation,Carlson1977).If wedonothavethatinformation,
wecannotpredictmany of thoseinstanceswherethedefinitearticlemaynotappear.

C.2 Sortal ClassAnnotation Manual for the Brown Corpus

C.2.1 ClassDefinitions

Person: Personsarehumanbeings(ExampleC.1),metaphoricalexpressionsthatreferto hu-
manbeingssuchas“life” in ExampleC.5.
WORDNET BASETYPE: Human
Main synonymoussynsets:human1

Legal/Group: This category includesgroupsof humanbeings(ExampleC.2), institutions
(ExampleC.3),quasi-institutionalizedgroupsof humanbeings,andcompanies(ExampleC.4).
We differentiatebetweenPersonsandGroups,becausethis clearly affects the choiceof pro-
nouns.It is possibleto referto agroupwhichhasbeenintroducedvia aNPby apluralpronoun.
WORDNET BASETYPE: Group
Main synonymoussynsets:institution,establishment;group

(C.1) GeorgeBush is theRepublicanpresidentialcandidate.

(C.2) Japanesefishermenweresurprisedby thedestruction.

(C.3) The Scripps Institute of Oceanography is quitefamous.
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(C.4) Apple is a thriving company.

(C.5) Not a singlelife hasbeenlost becauseof thetsunami.

Time: This category covers temporalexpressions. Theseexpressionscan refer to days,
months,years,daysof the week,periodsof time, specificpoints in time, hoursandsimilar
subdivisions,aswell asexpressionssuchas“the timewhentheair wasstill clean”.
WORDNET: BaseTypeTime
Synsets:Time1

Location: GeographicalandastronomicalentitiessuchasJapan,Pennsylvania,or Marsare
classifiedasLocations.Locationscanbeareas,points(asin “the point where ÇOÇOÇ ”) androads
or pathsfor passage.Buildingsandotherplacessuchas“my pocket” or “his notebook”were
excludedbecausethis would resultin a ratherfuzzy boundarybetweenLocationsandPhysical
Objects.Someexamplesarecollectedin Examples(C.6)–(C.11),locationsareprintedin bold-
face,physicalobjectswhich areusedaslocativemodifiersin italics.
WORDNET: BaseTypePlace
Main synonymoussynsets:location1

(C.6) Thefishermenin the Pacific weresurprisedby thestorm.

(C.7) Earthquakestell usa lot aboutthe earth.

(C.8) Japan is anintriguingcountry.

(C.9) Thehotelroomis clean.

(C.10) TheEmpireStateBuilding is impressive.

(C.11) Thestudentfrom Baltimor ehadall theformulaein hisnotebook, but not in hishead.

Physical Object: Physicalobjectsare objectsin the real world, suchas buildings, heads,
computers,trees,waves, and boats. Animals are also categorizedas physicalobjects. We
decidedagainstsettingup a category “animate” for animalsand persons,becausepersonal
pronounsreferringto personstendto bemarkedfor maleor femalegender, thosereferringto
animalsnot. This is especiallypronouncedin English.

If the highesthypernymic synsetis classedunderthe WordNet TopConcept“Function”,
suchaspossession,product,asset,building, theNPis alsoassignedtheclass“PhysicalObject”,
because“Function” is only definedfor concreteobjects.
WORDNET: BaseTypesInanimate,Animal, andPlant.
Main synonymoussynsets:inanimateobject1, material1, matter1, animal1, plant1, posses-
sion1

(C.12) The coffeeis still piping hot.

(C.13) Elvis hasjust left the building .

(C.14) Greebothe cat is asly little devil.

(C.15) Shealwaysdreamtof evil mutant killer magnoliasat night.



282Ð C TheBROWN-COSPEC Corpus

Event: Eventsoccurin acertainplaceandatacertaintime. An NPshouldbeclassifiedasan
eventif it canfeliticiously replaceX in thephrase“X happened”.Processesalsofall underthis
heading.
WORDNET: BaseTypeEvent
Main synonymoussynsets:event1, communicate1, remember2, consume2

(C.16) The conversation turnedunpleasantwhen the managermentionedthe impending
layoffs.

(C.17) Thebuilding wascompletelyscorchedby the blazing fir e.

(C.18) After the ingestionof somefruit , theanimalfelt decidedlylesshungry.

Action: An actionis somethingthatpeopledo or causeto happen.
WORDNET: BaseTypeDo
Main synonymoussynsets:act1, act12 (verb),action1

(C.19) The hideousmurder of Tony Blair shockedthenation.

(C.20) He haswrittena Ph.D.aboutthe ratification of the Yalta pact.

State: A stateis the way somethingis or a combinationof circumstancesat a certaintime
(stateof affairs).Feelingsandgeneralpsychologicalfeaturesarealsostates.
WORDNET: BaseTypeState
Main synonymoussynsets:situation1, be4 (verb),state1

(C.21) The loveaffair betweenthe professorand her secretary shockedthedepartment.

(C.22) Doctorsdealwith illnesseseveryday.

(C.23) Wordscannotexpressthe hate hefelt for him.

Property: This category coversexpressionswhich refer to a propertyof a humanbeing,a
concept,or aphysicalobject,suchaslength,understandability, velocity, or curiosity. Properties
areattributesandespeciallycharacteristicattributes.NPswhoseheadis aunit of measurecount
asproperties, aswell, becausethey expressvaluesof quantifiableproperties.
WORDNET: BaseTypeProperty
Main synonymoussynsets:property2, attribute1

(C.24) The speedof the boat waswhatmadethemsuspiciousat first.

(C.25) Many peopledon’t like the colour red.
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Concept: Conceptsareabstractor generalideasinferredor derived from specificinstances.
For example,conceptscanbe formedby extractingcommonfeaturesfrom examples.This is
theWordNetdefinitionof “abstraction”.Thecategory “concept”is alsousedfor labellingNPs
whichreferto thecontentsof cognitionor thefocusof somebody’s thoughts.Thecategoryalso
coversconceptssuchasinformationandcommunication.Finally, feelingsandmentalattitudes
arecategorizedasconcepts.
WORDNET: BaseTypeConcept
Main synonymoussynsets:concept1,abstraction1,cognitivecontent1, idea2,communication
1, information1, cognition1, feeling

(C.26) The information wasextremelyvaluableto thespies.

(C.27) The sumof everythingthathasbeensaidis thatmoney stinks.

(C.28) Words cannotexpressthehatehefelt for him.

Not Classifiable: This category is a repositoryfor all anaphoricexpressionsthatdo not fall
in oneof thecategoriessketchedabove.

C.2.2 Annotation Strategy

Ideally, we would beableto feedWordNettheNP to beclassified,andout comesthecorrect
ontologicalclass.For severalreasons,this is not practical:

� WordNetdoesnot know all possiblenamesof persons.Neithercanit detectnamesof
institutionswhichdonotcontainacuewordsuchas“university”, “institution” or “group”.
Thus,theconcepts“person”and“group” have to belabelledby hand.

� Locationswhich arereferredto by their propernamesanddateswhich arereferredto
numericallyarealsodifficult to look up. However, given the definition, locationsand
timescanbedeterminedmanually.

� A word usuallyhasmultiple senses,andtheadequatesensehasto bedeterminedmanu-
ally.

To overcometheseproblems,weproposethefollowing strategy:

1. Before proceedingto sortal classmarkup, the referring expressionsshouldhave been
labelledfor coreference,agreement,andsyntacticfunction.

2. Themarkupthenproceedsonecoreferencechainat a time. First, it is checkedwhether
thereferentof this chainis of a typethatwould presentdifficultiesto WordNetlookup-
Person,Group,Location,or Time.

If yes,it is classifiedaccordingto the decisiontreein FigureC.2 andthe definitionsin
SectionC.2.1.

If not, thehyperonymsof theheadnounof oneof thereferringexpressionsarelookedup
in WordNet.If therearemultiplesenses,theadequatesenseis selected.For thissense,the
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FigureC.2. DecisionTreefor labellingcategorieswhereWordNetis inherentlyunreliable.
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FigureC.3. DecisionTreefor WordNet-Classification.It presentstheorderin whichcategories
shouldbecheckedif WordNetdoesnotcontaintheword queried.

list of hyperonymsis searchedfor asynsetthatwasmentionedin SectionC.2.1asoneof
themainsynonymoussynsetsof a category. If thereareseveralpotentialcandidates,the
mostspecificoneis selected.TheNPis thenassignedthesortalclasswhich is associated
with thatsynset.

If thecategoryof theheadnoundoesnotappearto matchthesortalclassof thecomplete
NP, theNPhasto beclassifiedmanuallyaccordingto thedecisiontreein FigureC.3.



Appendix D Ungeheuer’sApproachto
Communication

In this appendix,I discussGeroldUngeheuer’s approachto communicationin somemorede-
tail, becausehiswork is relatively little-known, evenin Germany. In fact,Ungeheuerhasnever
publisheda full-blown theoryof communication,andhis writings arefragmentarian.But the
assumptions,hypothesesandconceptsthatUngeheuerdevelopsin thesefragmentsarepower-
ful tools for thinking aboutcommunication— both on the micro- andon the macrostructural
level. Theaim of this outline is to presentsomeof theseconceptualtoolswhich I will usefor
developinga moregeneralconceptof entity statusin communication.For this reason,I will
not to discussthephilosophicalandsemioticbackgroundof Ungeheuer’sapproachin detail,or
to dwell on the work of thosethat his work is in turn basedon, suchasKarl Bühler, Philipp
Wegener, Alfred Scḧutz,Max Scheler, or StephenToulmin, to namebut a few.

In a nutshell,Ungeheuerconceivesof communicationasa processin which both parties,
speaker andhearer, take an active part. A speaker intentionallyperformsactionsin order to
communicatesomethingto a hearer, andthe hearerinterpretstheseactionsso that he canre-
constructwhatthespeakerwantedto communicateto him. Bothpartiesactonthebasisof their
individual theoriesof theworld. Thus,Ungeheuerseescommunicationasa processof social
interaction.

Thisapproachdiffersmarkedly from two otherapproachesthathavebeenfarmorepopular
in theliterature:(Watzlawick et al. 1967)and(ShannonandWeaver1949).

In theclassicShannon-Weavermodel(ShannonandWeaver1949),asenderencodesames-
sage,themessageis transmittedvia achannelto thereceiver, andthereceiverdecodesthatmes-
sage.Communicationfundamentallymeansthat informationhasbeentransmitted.In Unge-
heuer’s approach,on thecontrary, communicationis fundamentallyasymmetric.Thespeaker
intendsto influencethehearersothatthehearerperformscertaininternalactions.Thespeaker
doesnot seekto get somemessagetransportedto the hearer, sheseeksto exert control over
him, to get him to do something.1 The internalactionswhich areperformedwhenproducing
and interpretinga sequenceof signsarehighly structuredandcomplex. Signsarenot fixed
codeswith specificinformationvalues. Rather, the meaningof a sign is alwaysconstructed
anew, dependingon who interpretsit in whichsituation.

Watzlawick et al. (1967) claim that it is impossiblenot to communicate,becauseevery
aspectof yourbehaviour canbeinterpretedasasignfor something.Ungeheuer, onthecontrary,
stressesthat peoplecan chooseto communicate,and that communicationis intentional. If

1Ungeheuerelaboratesthis view on the basisof a detailedanalysisof (Bühler 1927/1965)in (Ungeheuer
1967/1972a).
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your addresseedoeswhat you intended,you aresuccessful— althoughit is very difficult to
determinewhetherthat successhasindeedtaken place. If, on the otherhand,the addressee
mistakenly assumessomepartof your behaviour, verbalor non-verbal,asa sign,this doesnot
meanthatyou intendedthis behaviour to beasign.You did notcommunicate,becauseyou did
not intendto performanactionthatgetstheotherto interpretthatactionasasign.For example,
I might speakto you in a monotonousvoice. You may interpretthis asa sign that I ambored
stiff by you,becausesomebodyelsehasalreadyusedthis trick onyoubefore.In fact,it maybe
thatI amjust tired,andthis is reflectedin my voice.

Let usnow explore thepremisesbehindUngeheuer’s approachto communicationin more
detail. For Ungeheuer, communicationis an action. Actions areintentionalbehaviour. More
precisely, it is an indirect or mediatedinteractionbetweenhumans,which implies that the
mediumof communicationis notnecessarilylanguage:2

IndirekteodervermittelteInteraktionzwischenmenschlichenIndividuenseiKommunika-
tion genannt.3

(emphasisin theoriginalUngeheuer1974/1987b,page83)

Interactions,in turn, aresocialactions.They occurwhensomebodyaimsto make another
personperformaspecificaction,andperformsanactionhimselfin orderto reachthatgoal.

[ ����� ] “Interaktion”: [ ����� ] manführteineHandlungausmit demZiel, dasandereIndividuum
zubestimmterHandlungzubringen.4 (Ungeheuer1974/1987b,page82)

Communicationcanbeembeddedin othersocialactionsasameansof reachingthegoalof
thoseactions.

But whatexactlyarethoseactionsthatUngeheuerrefersto, andwhy doesheinsistonusing
this concept?First of all, actionsare intentional. Actionsareperformedwith a goal in mind.
In communicationprocesses,that goal is to make oneselfunderstood,in Ungeheuer’s terms
Verständigung. Ungeheuer’s conceptof socialaction owesmuch to WeberandScḧutz (key
publications:(Scḧutz 1960,Weber1940)). For Weber, socialactionsarethoseactionswhose
goal is definedin termsof thebehaviour of others.Scḧutz emphasisesthat it is only possible
for actionsto makesenseif onethinksaboutthem“modofuturi exacti” (Scḧutz1960,page60),
asif they hadalreadyhappened.In orderto plananaction,theactorhasto imaginetheresult
shewould like to achievewith it.

But whatdoesa speaker needto achieve if shewantsto make herselfunderstood?Unge-
heueranswersthis questionin a paraphrase:WhenI speak,I want thepersonI speakwith to
understandme (Ungeheuer1974/1987e,page34). Understandingis againan action,but this
time an internalaction. The dichotomybetweeninternalandexternalaspectsof actionsis a
long-standingproblemin action theory (Connolly 1989,Luckmann1988),andUngeheuer’s

2All English translationsof the original quotesare intendedto help the readerunderstandwhat Ungeheuer
intendedto say;they arenot authoritative.

3Let uscall indirector mediatedinteractionbetweenhumanindividualscommunication.
4“interaction”: anactionis performedwith theaimof gettingtheotherindividual to performa certainaction.
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approachto it owesmuchto scholarssuchasScḧutz (1960).Actionsareintentionalbehaviour.
Behaviour canbeobserved,it is external,but intentionscannot.An externalobservercanspecu-
lateabouttheintentionsof thepersonwhoperformsanactiononthebasisof socialconventions,
on thebasisof what thatpersontold her, on thebasisof herown experience,andon thebasis
of herexperienceswith thatperson– but notmore.Ungeheuerdistinguishesbetweentwo types
of actions,externalactionswhich canbeperceivedby thesensoryorgans,andinternal actions
whichcanonly beperceivedby thepersonwho acts.

a) äußereHandlungenvon Menschensind solche,die durchSinnesorganewahrnehmbar
sind;
b) innereHandlungenvonMenschensindsolche,dienichtdurchSinnesorganewahrnehm-
barsind,- siesinddirekterfahrbarnurdemsohandelndenIndividuumselbst.5

(Ungeheuer1974/1987e,page41)

Luckmann(1988,Kurseinheit2,page8) distinguishesbetweenanexternalandan internal
perspective on action (“A ußen”- und “Innen”-PerspektivedesHandelns). The externalper-
spective is thatof theobserver, whocanonly experienceactionsasmediatedby behaviour, and
theinternalperspective is thatof theactor, who experienceshis actimmediately. Only external
actionscanbe seenfrom an externalperspective. All internalactionsareonly accessibleto
the actorherself. In communication,the externalaction is the sequenceof symbolsthat the
speaker produces.Theactionswhich take placewhenthatsequenceis plannedby thespeaker,
andinterpretedby thehearer, areinternal.Thefollowing quotesummarisestherole of internal
actionsin communication:

In [der Kommunikation]wird die Handlung,die Ziel der Interaktion(alsSozialhandlung)
ist, durcheineZwischenhandlungerreicht,in derdie VerwirklichungdesHandlungsziels
nicht nur für den Initianten, sondernauch für den Akzeptantender Interaktion durch
kognitiv–hypothetischeVorwegnahmevermittelt ist.6

(Ungeheuer1974/1987b,page83)

Let me illustrate this with an example: Supposethat I want you to know that Germany
lost 3:0 to Portugal. My goal is that you addthis to what you know aboutthe world. I now
planhow to performthataction,anddecidethat thebestoption is to utter the following: “Oh
by the way, the Germansoccerteamlost 0:3 to Portugal.” You hearmy utteranceandtry to
interpretwhatI intendedwith thisaction.If youthink thatI justwantto claimyourattentionby
utteringsomenonsense,if youthink somethinglike“How onearthcouldthePortugesebeatthe
EuropeanChampionGermany 3:0? Shemustbecrazy! No, it mustbe theotherway around:

5a) externalactionsof humansarethosethatcanbeperceivedvia thesensoryorgans;
b) internalactionsof humansarethosethatcannotbeperceivedvia thesensoryorgans,- they canonly beperceived
directlyby thevery individualwho performsthem.

6In [communication],theactionwhich is thegoalof the interaction(associalaction),is reachedby an inter-
mediaryaction,in which therealisationof theaimof theactionis mediatedby cognitive-hypotheticalanticipation
not only for theinitiator, but alsofro theacceptantof theinteraction.
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Portugal:Germany 0:3.”, youwill draw conclusionsaboutme,but youwill notaddthefactthat
PortugalbeatGermany to your knowledge,andI wasunsuccessful.If you take meseriously,
however, youbelieveme,andmy actionhadtheintendedconsequences:youaddedthefactthat
Germany lost 3:0 to Portugal.

In Ungeheuer’s view, all linguistic signs(andhencealsoall discoursesthatconsistof these
signs)areinstructionsto performactions.Thisview is explainedin moredetailin his lastpaper,
(Ungeheuer1982/1987d),wherehe explicitly statesthe assumptionsbehindhis approachto
communication.Theactionsthat the heareris instructedto performareinternal. This means
thatthespeakercannotobservedirectlywhetherthehearerhasindeedperformedtheactionshe
wantedhim to perform.I cannotopenyourmindandsearchfor theplacewhereyouhavestored
Germany:Portugal0:3, I canonly hypothesisethat you have doneso. In this action-theoretic
perspective, thehearerhasthreetasks:

� decidewhichpartsof thespeaker’sbehaviour is to beinterpretedasanaction � asasign

� determinewhich internalactionsthespeaker intendedhim to perform

� performtheseinternalactionson thebasisof his personalexperiencetheory(PET),if he
decidesto. More oftenthannot,hewill do thatwithout evenreflectingon whatheis do-
ing,but in statesof heightenedconsciousness,for examplewhendoingCritical Discourse
Analysis,hecanreflecton theseactions

A possibleobjectionagainstthis action–theoreticapproachto languagemight be that since
actionsareintentional,they shouldalwaysbe conscious.The sequenceof eventsthat I have
outlinedabove appearsto be too laboriousto be behindeverydayspeech.But actionscanbe
moreor lessroutine,moreor lessdeliberatelyplannedandexecuted.Luckmann(1988)cites
theexampleof walking. Usuallya highly automaticaction,it hasto beplannedandexecuted
very slowly anddeliberatelywhenthepersonwho wantsto walk hastemporarilylost theuse
of her legs, until it becomesroutine again. Speechis also highly routine. The actionsthat
areassociatedwith producingandinterpretingverbalsignsarelargely conventionalised.This
explainswhy we areoften not consciousof the complex actionsthat lie behindour everyday
talking. Only whenwefail or whenweverycarefullywantto avoid failuredowebecomeaware
of this.

Theaimof theaddressee’s internalactionsis to experiencethatheunderstandsthesequence
of signsthat thecommunicatorhasproduced.Whenhehasunderstoodthat sequence,hehas
gainednew knowledge,or hehaslinkedsomethingwhich healreadyknows. Ungeheuersum-
marizesthis trainof thoughtsasfollows:

H3: In kommunikativer Sozialhandlungsind FormulierungenundTeilformulierungenbis
zu jedemSprachzeichenAnweisungenundPlänefür denHörerzumVollzug von inneren
Erfahrungsakten,von denenderSprecherannimmt,ihnenwürdenInhaltekorrelieren,die
ermeint.7 (Ungeheuer1982/1987d,page316)

7In communicative socialactions,the formulationsandpartial formulationsup until every linguistic sign are
instructionsandplansfor thehearerto performinternalactsof experiencing.Thespeaker assumesof theseacts
thatthosecontentswouldbecorrelatedwith themwhich hemeans.
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But thesegainsandlinks arenotnecessarilythosethatthecommunicatorwantedthehearer
to make. In fact,asacommunicator, I haveto assumethatI canmakeyou,theaddressee,under-
standthesequenceof signsI producein thewayI intendyouto understandthem.Else,I cannot
communicatewith you. While I communicatewith you,youmustallow meto instructyouhow
to understandme,andyou musttry to follow theseinstructions.Both partnersneedto cooper-
ateif communicationis to besuccessful,but thecommunicatorleads,andtheaddresseehasto
follow. This is whatUngeheuercallskommunikativeSubjektion, communicativesubjection.

To cooperatein communicationis difficult. This is a commonexperience,andwill not sur-
priseanybody. But why theseproblems?Becausethegoalof thecommunicatoris to make the
addresseeperforminternalactions,andsinceshecannotmanipulatehisminddirectly, sheneeds
to resortto externalactions,actionsthatcanbeobserved.Externalactionsarealsotheonly way
to checkwhethera desiredactionhasbeenperformedby the addressee.If communicationis
only partof a largersocialaction,thenthesuccessof thatcommunicationcanbejudgedby the
successor failure of (partsof) that action. This criterion is closein spirit to thecriterion that
(Brown 1995)usesin experimentalstudiesof communication.Alternatively, thecommunicator
cantry to infer from externalactionsof theaddresseethathehasunderstoodher; if necessary,
bothcanthennegotiateproblematicpoints.

The communicatorcanonly plan her actionsbasedon what sheknows. Her knowledge
canincludeexperienceswith andhypothesesabouther addressee,but thatwill never be fully
adequate,sinceshecannotreadhis mind. The experienceshe makeswhenhe interpretsher
signsareinternal.HerdecisionsarebasedonherindividuelleWelttheorie, herindividualtheory
of theworld, or personalexperiencetheory(PET).8

Das[ ����� ] vielgliedrigeund in dersẗandigenBewegungdesAuf- undAbbaussichbefind-
liche, manchmalin mir als strömenderlebteErfahrungssystem,dasich bin, nenneich in
begrifflicher Repr̈asentationmeineindividuelleWelttheorie.9

(Ungeheuer1982/1987d,page312)

My individual theoryof theworld determineshow I experiencesomething.Whatcontrols
my experiencesis a collectionof emotions,intuitions, systematicandunsystematicthoughts,
assumptions.Complex rulesgovern how that collectiongrows andchanges.This collection,
which is completelyinternalto me,constitutesa dynamicsystemof experiences.In thequote,
Ungeheuercalls this system“the systemof experiencesthat I am(Erfahrungssystem,dasich
bin” (1982/1987d,page312)). My individual theoryof theworld alsodetermineshow I com-
municate:whateffect I would expectthesignsI produceto have on my addressee,andhow I
would interpretsignsthatcomefrom anotherperson.

So far, I have sketchedthe basictenetsof Ungeheuer’s approachto communication.The
picturethatemergesis dynamic,not static.This is theresultwhenwedescribecommunication
in termsof actions. Both speaker andhearerchangein the processof communication.Their
systemof experiences,their individualtheoryof theworld, is changedby theirexchange.Signs

8Ungeheuerchoosestheterm“theory”, becausetheindividual theoryof theworld determineshow experiences
areexplained.

9The [ ����� ] multifaceted,perpetuallybeingbuilt andtorn apart,sometimesexperiencedasflowing, systemof
experiencesthatI am,is whatI call in conceptualrepresentationmy personalexperiencetheory.
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areno staticentities,either. Every time a signis usedin communication,thehearerconstructs
aninterpretationon thebasisof hiscurrentsystemof experiences,whichchangescontinuously
in time, andevery useof a sign in communicationpotentially influencesthe way in which it
will beusedthenext timeby theparticipantsin thecommunicationprocess.

So far, we have definedcommunicationasa mediatedinteractionbetweencommunicator
and addressee.The communicatorwants the addresseeto perform certain internal actions.
Both have different theoriesof the world, which influencehow they usesigns. On the basis
of this definition, let us now turn to that which is beingcommunicated,the content. We will
concentrateon linguistic communicationhere. Ungeheuerdistinguishesbetweentheprimary,
secondary, andtertiarycontent(Ungeheuer1967/1972a)of a discourse.10 Theprimarycontent
is whatthediscourseis about,thecentraltrainof thoughts.It hastwo maincomponents,mate-
rial andmodal. Thematerialcomponentis very roughly thesemanticcontentof anutterance.
This contenthasnot yet beenorganizedin termsof psychologicalsubjectsandpsychological
predicates.11 Suchpartitionscomeinto playwhenthematerialcomponentis adaptedto acom-
municationsituation,with specificaddressees,attitudes,andfunctionsthattheutterancehasto
fulfil in discourse.Suchfunctionscanbe specifiedby argumentationschemes,dialogueacts,
etc. The list of suchsituation-dependentmodificationsis potentiallyinfinite. Taken together,
they constitutethemodalcomponent.Ideally, the addresseeshouldfollow the instructionsin
bothcomponents.

Thesecondaryandtertiarycontentarebothconstructedactively by theaddressee,andare
never mentionedexplicitly in thediscourse.Thesecondarycontentconsistsof thatwhich the
addresseeinfersaboutthecommunicatoronthebasisof thediscourse,while thetertiarycontent
is derivedfrom thediscoursewhentheaddresseeassociateswhatheknows from thediscourse
with whathealreadyknew before,but whathasnotbeenmentionedexplicitly in thetext.

Ungeheuerdid not developthecategoriesof primary, secondary, andtertiarycontentmuch
furtherin hisresearch.In hispublishedwritings,hefocussedinsteadonphilosophical,semiotic,
andepistemologicalproblems.Wheneverhedemonstrateshow theapproachhedevelopedcan
be usedfor analysingof conversations,he tendsto discussthe primary componentin great
detail, describingit in termsof categorieswhich he drew from the theory of argumentation
(Ungeheuer1972c,Ungeheuer1974/1987b,Ungeheuer1980/1987a).To facilitatehisanalysis,
heparaphrasestheexcerptto beanalysedsothatprimarycontentemergesclearly. This is also
thestrategy thatHanke (1984)usesfor analyzingthestructureof universitylessons.

To readerswith a computationalor computationallinguisticsbackground,Ungeheuer’s ter-
minology, especiallyin this brief summary, mayappearto fit nicely into AI frameworkswhere
cognitive modelsare constructedand manipulated,whereall plansare rational, and where
agentstry to maximizetheirexpectedutility. This is amisunderstanding.Ungeheuer’scommu-
nicatorsandaddresseesarenot robots.They useheuristics,they make mistakenassumptions,
they decideemotionally, they think of weird “plans” for actionswhich would be rejectedby
any sanecomputerprogram. Juchem(1998)hasshown that emotionsare indeeda possible,
plausible,andevennecessarypartof a theorythatis basedon Ungeheuer’sapproach.

10His original term is “text”, becausehe developedtheseconceptsin a discussionof contentanalysis. We
substitutediscoursehere,becausethattermis lessladenwith connotationsof written language.

11Othercommontermsin theliteraturefor thatdichotomyaretheme/rheme,topic/focus,andfocus/background.
Thesubject/predicateterminologycanbetracedbackto (Paul1920,von derGabelentz1891).



Anhang E Zusammenfassung

DiesesKapitel entḧalt eine informelle Zusammenfassungder Arbeit in deut-

scherSprache.JedemAbschnittentsprichtein Kapitel im englischsprachigen

Hauptteil. Die Einleitung(AbschnittE.1) wurdefür dieseZusammenfassung

neugeschrieben;die anderenAbschnittesindengandie Zusammenfassungen

ausdemenglischsprachigenTeil derArbeit angelehnt.

E.1 Einleitung

Ausgangspunktder Arbeit war die Bescḧaftigungmit demlinguistischenBe-

griff der“Givenness”,alsoderGegebenheitvon Informationenim Diskurs,mit

demin derLiteratursehrgerneargumentiertwird. Ziel dieserArbeitwares,die-

senBegriff soeinzuschr̈ankenundzubeschreiben,dassmanmit ihm vernünftig

arbeitenkann.Dasist ein nicht ganzneuesAnliegenin derLinguistik, wie die

ironischenKommentarevon Prince(1981)zeigen.Und wie derPrologzu die-

serArbeit bereitsandeutet,glaubeich nicht,denSteinderWeisengefundenzu

haben.Wasich im sogenanntenTheorieteildieserArbeit beschreibe,ist eine

Systematisierung,die mir bei meinereigenenArbeit geholfenhat, die andere

Forscherinnenund Forschervielleicht auchhilfreich findenkönnten,und von
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derich annehme,dasssiemehrempirischenGehaltbesitztalsdieTheorieüber

Brontosaurier, die im Epilog so eloquentvorgetragenwird—ganz abgesehen

davon,dassich meinenBeitragnichtalsTheoriebezeichnenwürde.

In dieserArbeit habeich einenähnlichenWeg beschrittenwie schonvie-

le anderevor mir, die obenerwähnteEllen Princeeingeschlossen:Ich habe

mich daraufbeschr̈ankt,Diskursentiẗatenzu betrachten.Diskursentiẗatensind

Hilfskonstruktezur InterpretationvonDiskursen;siestellenPlatzhalterdar, auf

dieanaphorischzurückverwiesenundandenenInformationaufgeḧangtwerden

kann.

Im Gegensatzzu meinenVorgängernauf diesemausgetretenenPfad ent-

schiedich mich,meineErkenntnissenichtaneinebestimmtelinguistischeRich-

tungzubinden,wie etwadieRichtungderOptimaliẗatstheorie(PrinceandSmo-

lensky 1993)oderdersystemisch-funktionalenGrammatik(Halliday1994).Ich

bin überzeugt,dassin derLinguistik nurderMethodenpluralismusweiterführt.

Da esdenRahmeneinerDoktorarbeit,einerTextsorte,andie gewisseminima-

le Kohärenzanforderungengestelltwerden,sprengenwürde,mehrereTheorien

zu entwickeln und zu vergleichen,habeich mich für den kleinstengemein-

samenNennerentschieden:die ExplorationdesGegenstandes,der untersucht

werdensoll. Um terminologischeVerwirrungenzu vermeiden,habeich die-

senGegenstand“Entitätenstatus”genannt.Der StatuseinerDiskursentiẗat ist

ein Hilfskonstrukt.Er beschreibt,welcheRolle dieseEntität im Diskursspielt

(Strukturdimension), undstellt Informationenfür diejenigenProzedurenbereit,
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diedieseEntität verwalten(Verwaltungsdimension).

Die Arbeit ist in achtKapitel und fünf Anhänge(einschliesslichdieserZu-

sammenfassung)gegliedert. Die Kapitel entsprechendenAbschnittendieser

Zusammenfassung;die Anhängewerden,soweit sie wichtige Ergebnisseent-

halten,im RahmenderbetreffendenKapitel diskutiert.

Im zweitenKapitel (Zusammenfassungin AbschnittE.2) erforscheich den

Begriff derDiskursentiẗat, stelleihn in seinenhistorischenKontext, undschla-

ge eine semiotischeDeutungvor. Darauf aufbauenddefiniereich, was ich

unter dem StatusdieserDiskursentiẗatenverstehenwerde. Schliesslichdis-

kutiere ich sowohl Diskursentiẗatenals auch ihren Statusunter kommunika-

tionstheoretischerPerspektive. Diesenfür eine computerlinguistischeArbeit

ungewöhnlichenSchritt habeich gewählt, daComputerlinguistenbei derMo-

dellierungimmerAbstrichemachenmüssen.Mich interessierte,wasdabeiher-

auskommt,wennmansich der Komplexität desGegenstandsbereicheseinmal

furchtlosstellt, und wie manam geschicktestenseineRückzugsman̈over vor-

bereitet,wennmansieht,dassdieserKomplexität mit computerlinguistischen

Mitteln nichtHerr zu werdenist.

Im Kapitel 3, zusammengefasstin Abschnitt E.3, erforscheich, wie man

beschreibenkann, welcheRolle eine Diskursentiẗat in einemDiskurs spielt.

Dabeikonzentriereich michauf Theorien,die in derComputerlinguistiksowie

in der angloamerikanischenLinguistik einegrosseRolle spielen. Drei grosse

Themenbereichewerdendiskutiert: Kohärenzund Kohäsion,Diskursstruktur,
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undThematiziẗat.

Kapitel 4 (zusammengefasstin AbschnittE.4) ist der Verwaltungvon Dis-

kursentiẗatengewidmet. In diesemKapitel beschreibeich zun̈achstein kleines

BestiariumanaphorischerAusdr̈ucke, um darausabzuleiten,was eine Theo-

rie abdecken muss,die erklärenwill, wie Diskursentiẗatenverwaltet werden.

Danngeheich näherauf eineForschungsrichtungein, die sichebenfalls damit

bescḧaftigt hat,wie Menschenauf Diskursentiẗatenverweisenkönnen,undauf

die in derlinguistischenLiteraturdementsprechendoft verwiesenwird: aufdie

Psycholinguistik.ZumSchlussdiskutiereich, wie Linguistenmit demProblem

desZugriffs auf Diskursentiẗatenumgegangensind. Ich konzentrieremich da-

bei auf die vielzitiertenArbeitenvon Prince(1981),Lambrecht(1994),Grosz

et al. (1995),Ariel (1990),Gundelet al. (1993),Givón (1995a),andChafe

(1994).

Damit ist der Theorie-Teil, in demich wichtige Arbeitenund Forschungs-

richtungenzum ThemaEntitätenstatusaufarbeitete,abgeschlossen.Das nun

folgendeKapitel 5 (zusammengefasstin AbschnittE.5) legt die methodologi-

scheGrundlagenfür denfolgendenempirischenTeil. Zunächstdiskutiereich

kritisch einigeAnnotationsschematafür Koreferenz,oder, wie ich hier in An-

lehnungan Webber(1983) und Sidner(1983) sagenwerde,Kospezifikation.

Auf der GrundlagedieserSchemataentwickele ich ein eigenesAnnotations-

schema,daszurBearbeitungderRadionachrichtentexteeingesetztwurde,diein
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Kapitel6 ausf̈uhrlichanalysiertwerden.DiesesSchemaklassifiziertreferieren-

de Ausdr̈ucke danach,woherdie Diskursentiẗat stammt,auf die sieverweisen

bzw. (um in der Terminologiezu bleiben)die sie spezifizieren.Zum Schluss

diesesKapitelsdenke ich dar̈ubernach,wasmantun kann,wennessich als

unmöglich erweisensollte, Texte zuverlässigmit solch einemquellenbasier-

ten Schemazu annotieren.Dannkann man im Grundegenommennur noch

auf Maßezurückgreifen,die sich anhandvorannotierterKospezifikationsfol-

genberechnenlassen.Nacheinerausf̈uhrlichenDiskussionderverschiedenen

Alternativen stelle ich ein solchesAbstandsmaßvor. Auf der Grundlagedie-

sesAbstandsmaßesskizziereich ein statistischesModell, dasdie Abfolge von

ErwähnungeneinerDiskursentiẗat in einemText beschreibt.Da die mir vorlie-

gendenKorporanicht grossgenugsind, war esnicht möglich, diesesModell

empirischzu verfeinernundzu testen.

Im folgendenempirischenTeil prüfe ich, welcheErkenntnissesichüberden

Statusvon DiskursentiẗatenausannotiertenKorporagewinnen lassen,wenn

mandie in Kapitel5 vorgestelltenAnnotationstechnikenverwendet.

Kapitel 6, zusammengefasstin Abschnitt E.6, ist einer ganz besonderen

Textsortegewidmet: denRadionachrichten.Im erstenAbschnittdiesesKapi-

telsergründeich, wasRadionachrichtenalsTextsortesobesondersmacht,und

worauf manbei der AnalysedieserTextsorteachtensollte. Danachstelle ich

die Datenvor, auf denenich gearbeitethabe,undbeschreibedieAnnotationen,

mit denenich sieangereicherthabe.DieseDatenbildendie Grundlagefür die
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folgende,eingehendequantitativeAnalyse.Als Gegengewicht zurquantitativen

Analysefolgt einequalitativeAnalysevonfünf Texten,einemZeitungstext und

vier Radionachrichtentexten ausdem DLF-Korpus. Der Schwerpunktdieser

Analyseliegt auf Einflüssenauf denEntitätenstatus,die sichnur schweranno-

tierenund quantifizierenlassen,wie z.B. der Kontext, in demeineNachricht

geschriebenwurde,sowie ihr Nachrichtenwert.

Für Kapitel 7 bestanddasDatenmaterialauseinemmit Kospezifikations-

folgen annotiertenSubkorpusdesBrown-Korpus(Francisund Kučera1967).

DiesesSubkorpus,dasich im FolgendenalsBROWN-COSPEC bezeichnenwer-

de, bestehtausTexten verschiedenerTextsorten. Es ist in AnhangC doku-

mentiert. DieserAnhangbeschreibtStruktur und Inhalt desKorpus,disku-

tiert in diesemZusammenhangkurz die Textsortenproblematikbei sogenann-

tenrepr̈asentativenKorporaundgibt dasAnnotationshandbuchfür die Sorten-

Ontologiewieder.

Zum Schlussuntersuchenwir in Kapitel 7, zusammengefasstin Abschnitt

E.7,Pronominalisierungsmusterim BROWN-COSPEC-Korpus.MeineLeitfrage

dabeiist—unddieseLeitfragedifferiertvonderin (StrubeundWolters2000)—

wie wichtig Entitätenstatusist (hier: strukturelleDimension,gemessenin Ab-

standzur letztenErwähnung),umzuerklären,wanneinreferierenderAusdruck

alsPronomen,undwanner als volle NP realisiertwird. Dazuführtenwir de-

tailliertestatistischeAnalysendesKorpusmit Hilfe derlogistischenRegression
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durch,einerAnalysetechnik,dieeserlaubt,genaue“Anfragen”in Hypothesen-

form anein Korpuszu stellen.Die gewonnenenErgebnissehabenwir anhand

von Experimenten̈uberpr̈uft, bei denenein Regelinduktionsalgorithmus(RIP-

PER,Cohen1995)undeinexemplarbasierterLerner(IBL-IG, Daelemanset al.

1997)anhandder Korpusdatenlernensollten,wannzu pronominalisierenist,

und wannnicht. Bei unserenErgebnissenrichtetenwir besondereAufmerk-

samkeit auf Genreunterschiede:Wir warenanFaktoreninteressiert,die Prono-

minalisierungin allenGenresetwagleichgutvorhersagen.

Kapitel8 greift diewichtigstenErkenntnissederArbeit nocheinmalaufund

diskutiertdie Frage,mit der allesbegann: Was bringt eineAnalysekategorie

“Gegebenheit”für diepraktischelinguistischeArbeit?

AnhangA gibt zwei Texte wieder, auf die im VerlaufderArbeit desöfteren

verwiesenwird: einenkurzenZeitungstext überdie Ermordungdeslibanesi-

schenPr̈asidentenBashirGemayelAnfangderachtzigerJahredesletztenJahr-

hunderts,unddenBeginn desRomans“Guards,Guards”von Terry Pratchett.

AnhangB führt kurz in einigeMethodenein, die in Kapitel 6 und Kapitel 7

verwendetwerden,aberin einigenZweigenderLinguistik nicht allgemeinbe-

kanntsind: allgemeinelineareModelle und statistischeProzesse.AnhangC

beschreibtdasBROWN-COSPEC-Korpus,undAnhangD führt in GeroldUnge-

heuersKommunikationstheorieein.
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E.2 Wasist Entit ätenstatus?

Viele Geisteswissenschaftlerinnenund Geisteswissenschaftler, und aucheini-

ge Naturwissenschaftlerinnenund Naturwissenschaftler, nehmenan, dasses

nichtmöglich ist, einumfassendes,mathematischsauberesModell dermensch-

lichen Kommunikationzu entwickeln. DiesemStandpunktschliesseich mich

an. Ich gehejedochebenfalls davon aus,dassmanformaleMethodenbraucht,

um Muster und StrukturenmenschlicherKommunikationpräziseund knapp

zu beschreiben—dasheisst,diejenigen,die sich halbwegs objektiv beobach-

ten lassen.Da die meistenErgebnisse,die ich in densp̈aterenKapitelndieser

Arbeit berichtenwerde,quantitativer Art sind, also statistischeModelle und

statistischeAnalysenbeobachteterDaten,braucheich zumAusgleicheinePer-

spektive, die sehrgenaudie GrenzeneinessolchenAnsatzesaufzeigt,die un-

terstreicht,was wir verlieren,wennwir anfangenzu zählenund aufhörenzu

interpretieren.

Deshalbhabeich in Kapitel 2 eineetwasungewöhnlichePerspektive einge-

nommen:die Perspektive der Semiotikund der Kommunikationstheorienach

Gerold Ungeheuer. UngeheuerbetrachtetKommunikationals Prozess. An

diesemProzesssind beide,Sprecherwie Hörer, aktiv beteiligt. Ein Sprecher

führt beabsichtigteHandlungenaus,um etwas einemHörer mitzuteilen,und

der Hörer interpretiertdieseHandlungen,damit er rekonstruierenkann, was

der Sprecherihm mitteilen wollte. BeideKommunikationsteilnehmerkönnen

nur auf Grundlageihrer individuellenWelttheorie,im folgenden“pers̈onliche
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Erfahrungstheorie”oder kurz PET genannt,handeln;sie könnendie Erfah-

rungstheoriedesanderennie erkennen,sondernnur ihre Schl̈usseausdessen

beobachtbaremVerhaltenziehen.AnhangD führt kurz in GeroldUngeheuers

Theorienein. WeitereEinführungenfinden sich in (Juchem1989) oder (Ju-

chem1998)passim,der UngeheuersGedankengutin RichtungdesRadikalen

Konstruktivismusweiterentwickelt hat,einerRichtung,dieebenfalls in derMe-

dienwissenschaftstarkvertretenist.

AusdemBlickwinkel einerdemWerkvonCharlesSandersPeirceverpflich-

tetenSemiotikist essehrsinnvoll, beiderInterpretationvonreferierendenAus-

drückenzwischeneinemReferentenundeinerDiskursentiẗat zu unterscheiden.

Denn jedesZeichenist verbundenmit einemObjekt in der Welt (hier: dem

Referenten)undeinemInterpretanten(hier: derDiskursentiẗat),derdiesesZei-

cheninterpretierbarmacht,mit anderenZeichenverbindet,und damit in den

unendlichenProzessderSemioseeinführt. DiesesemiotischeInterpretationist

eineetwasungewöhnlicheUmdeutungdernormalenDefinitionvonDiskursen-

tität als mentalerRepr̈asentationdessen,worauf sichanaphorischeAusdr̈ucke

zurückbeziehenkönnen(Sidner),oder einer Beschreibung als “konzeptueller

Kleiderhaken” (Woods,zitiert in einigenArbeitenvonWebber).

AuseinemkommunikativenBlickwinkel, alsoauseinerPerspektive,dieso-

wenigwie möglich betrachtendundabstrahierendausserhalbdesKommunika-

tionsprozessessteht(Ungeheuer1967/1972a),sindDiskursentiẗatendie “extra-

kommunikativen” Formalisierungenvon Einheitenim Flussder Erfahrungen,
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Wasist Entitätenstatus? 301

die SprecherundHörer im VerlaufeinesDiskursesmachen.Die Grenzendie-

serEinheitensindnicht scharf,undsiesindeingebettetin dasNetzvon Erfah-

rungen,dasdie PETjedesMenschendarstellt.Die Einheitensinddynamisch:

jedesmal,wennsie zum VersẗandniseinesDiskursesben̈otigt werden,ändert

sichdasErfahrungsnetz,andemsieteilhaben,leicht.

Der StatuseinerDiskursentiẗat kannentlangzweierDimensionendefiniert

werden:

die Struktur -Dimension: dieseDimensionbeschreibtdie Rolle, die eineEn-

tität in demTeil desDiskursesspielt,in demsieerwähntwird und

die Verwaltungsdimension: dieseDimensionbeschreibtdie Informationen,

die bereitgestelltseinmüssen,damiteineDiskursentiẗat vernünftig initia-

lisiert werdenkann,damitauf dieseEntität zugegriffen werdenkann,und

damitdieBeschreibungdieserEntität vernünftig aktualisiertwerdenkann.

Die beidenDimensionen̈uberlappeneinander. JezentralerdieRolleist,dieeine

Diskursentiẗat in einemDiskursspielt,destoleichterist esnaẗurlich, auf diese

Entität zuzugreifen.ZudemkannmanbeideDimensionenalsDimensionender

“Gegebenheit”bezeichnen:eineEntität,die für denDiskurszentralist, undauf

die problemloszugegriffen werdenkann,ist sowohl für denSprecheralsauch

für denHörer “gegeben”,undeineEntität, die erstnochin dasDiskursmodell

integriert werdenmuss,ist “neu”.
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E.3 Wasist die Struktur -Dimension?

Wasdie Struktur-DimensiondesEntitätenstatusist, daslässtsichnur im Rah-

meneinergeeignetenTheorieerklären,oderbessergesagt,explizieren.Um die-

seExplikationzu leiten,habeich im erstenAbschnittdesKapitels3 drei Leit-

fragendefiniert,die jedeTheoriederStruktur-Dimensionbeantwortenmuss:

� In welchenDiskurssegmententritt dieEntität auf?

Dies setztvoraus,dassdie Theorieso etwas wie Diskurssegmentedefi-

niert undeinenMechanismusbereitstellt,um dasAuftretenvon Entitäten

in diesenSegmentenzu protokollieren. In der Diskurstheorievon Grosz

undSidner(1986)übernehmendie focusspacesdieseProtokollfunktion.

Ausserdemsollte die Theorieaufzeigen,in welcherVerbindungdie Dis-

kurssegmentezueinanderstehen,in denendie Entität auftritt. In dieser

HinsichtbietetzweifelsohnedieRhetoricalStructureTheory(Mannet al.

1992)die reichhaltigsteTaxonomiean.Undwasfür GroszundSidnerdie

focusspacessind,dassindfür dieRSTseitneuestemdie VenenderVeins

Theory.

� Wie ist dieEntität mit anderenEntitätenim Diskursverbunden?

Dies ist derAspekt,denalle betrachtetenTheorienam wenigstenbehan-

deln. Am ehestenkann man ihn mit Chafes(1994) Diskursthemaoder

dem Themenrahmen(topic framework) von Brown und Yule (1983) er-

fassen.BeideKonzepteschlagenVerbindungenvon bereitserwähntenzu
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potentiellerwähnbarenEntitätenausdemselbenThemenkomplex.

� Wie engist die Entität mit denkommunikativenAbsichtendesSprechers

verbunden?

DieseFragekannnurdurcheinead̈aquateTheoriederintentionalenStruk-

tur vonTextengekl̈artwerden.Die TheorievonGroszundSidnerist dazu

unterdenvon mir untersuchtenTheoriendie besteKandidatin,dicht ge-

folgt vonderArbeit vonvanDijk (1980),derimmerhinauchsoetwaswie

einepragmatischeMakrostrukturannimmt.

Abschnitt3.4hatklar gezeigt,dasswir nicht annehmenkönnen,dasThema

werdein jedemDiskursirgendwanneinmaldirekt verbalisiertundsomitexpli-

zit in denStatuseinererwähntenDiskursentiẗaterhoben.Diesgilt insbesondere

dannnicht, wennwir dasDiskursthemaso definierenwie ChafeoderBrown

undYule,nämlichalsKomplex zusammenḧangenderKonzepte,Ereignisseund

Zusẗande.Waswir sehrgut bestimmenkönnen,ist jedoch,ob eineDiskursen-

tität oft in bestimmtenSegmentenvorkommt,oderwie oft sie die Rolle einer

kontextuellenVerbindunggespielthat.DasAusz̈ahlenvonVorkommenkommt

demquantitativenBegriff von Diskursthemarechtnahe,denLevy (1982)ent-

wickelt hat,unddenBegriff “kontextuelleVerbindung”habeich alsExplikation

desgutenaltenSatzthemasgewählt. Die InterpretationderquantitativenErgeb-

nisseist einfach:je öftereineDiskursentiẗat in einemAbschnittvorkommt,und

je öfter siealskontextuelleVerbindungfungiert,destowichtiger ist sie für das

DiskursmodelldiesesAbschnitts.
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Jedochist Thematiziẗat nicht die Ebene,auf der ein Begriff desstrukturel-

len Entitätenstatusdefiniert werdensollte. Obgleichder Begriff desThemas

nützlich ist, um zu beschreiben,welcheRolle eine Entität in einemDiskurs

spielt,soist dasdochnicht die Grundlegung,diewir eigentlichbrauchen.Die-

seGrundlegungmussvon einerTheoriederDiskursstrukturkommen. In Ab-

schnitt3.3 habeich daraufhindrei Theorienmiteinanderverglichen,die Rhe-

torical StructureTheory(RST) von Mann und Thompson(1992),die Theorie

von vanDijk (1980)unddie Theorievon GroszundSidner(1986).Ein Sieger

lässtsichnicht feststellen,obwohl dieStrukturdimensiondesEntitätenstatusin

allendrei Theorienexpliziert werdenkann.Die Theorievon GroszundSidner

hat den Vorteil, dasssie gezielt die intentionaleStruktur von Diskursenmo-

delliert. Sievernachl̈assigtjedochdar̈uberdie semantischeMakrostruktur, die

vanDijk unddie RSTsodetaillierterfassenkönnen.VanDijks Ansatzhatden

Vorteil, dasser dankdesKlassikersvan Dijk und Kintsch (1983)eineBrücke

zwischenpsycholinguistischenTheoriendesTextverstehensundderTextlingui-

stik schl̈agt. Mit van Dijks Superstrukturenlassensich sehrscḧon textsorten-

spezifischeAspektederDiskursstrukturbeschreiben.Da vanDijk jedocheine

sehrdetailliertepropositionaleDarstellungvonTextenalsEingabeverlangt,ist

seinAnsatzfür computerlinguistischeImplementierungenmehrals ungeeeig-

net. Um jedochpsycholinguistischeExperimentezu planen,derenErgebnisse

anhandvon Walter KintschsKonstruktions-/Integrationsmodellberechnet,si-

muliert oderinterpretiertwerdensollen,ist vanDijks Ansatzbestensgeeignet.
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Egal wie wir letztendlichdieStruktur-Dimensionexplizieren,wir solltensie

nicht als Fundamentder textuellen Kohärenzsehen. Zugegeben,referentiel-

le Kontinuiẗat ist wichtig; Diskursmodellewerdennun einmalum Diskursen-

titätenherumkonstruiert. Jedochgibt esgen̈ugendandereEbenen,auf denen

Kohärenzkonstruiertwerdenkann.SolangediesdemAdressatengelingt,soll-

tenwir zufriedensein.
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E.4 Wasist die Verwaltungsdimension?

Die Verwaltungsdimensiondes Entitätenstatuskann man anhandvon drei

Aspektenbeschreiben:

Initialisierung: Wie wird eineneueDiskursentiẗat initialisiert? Wie ist siemit

demDiskursmodellverbunden?Woherkommenwichtige Informationen,die

dabeihelfen,weiterhinauf die Diskursentiẗat zugreifenzu können? Psycho-

linguistischeTheoriendesVerstehenssindsehrnützlich,um zu verstehen,was

dabeivorgeht. Die TheoriementalerModelle (Johnson-Laird1983)postuliert

zum Beispiel, dassMenschenanhandanaloger, unvollständiger, sẗandig sich

änderndermentalerRepr̈asentationenPerzepteverarbeiten,schlussfolgern,und

Texte interpretieren. Dabei werdenPerzepteausverschiedenenModalitäten

integriert. Auf ElementediesesModells kann man sich rückbeziehen;diese

ElementefungierendannalsDiskursentiẗaten.Wie solcheElementeentstehen

undin bestehendeModelleintegriertwerden,wie siemit bestehendenModellen

weiterundengerverknüpft werden,dasmussdieallgemeinekognitiveTheorie

erklären,die hinter denMentalenModellenstehtund von Johnson-Lairdund

seinenScḧulernstetsweiterentwickelt wird. SanfordundGarrodsindnochra-

dikaler: Bei ihnenwird hereinkommendesTextmaterialsofort in ein Szenario

integriert, ein sehrstark eingeschr̈anktesSchemaausdem Weltwissen,ohne

dassSätzeerstin Propositionenumgewandeltwerden.BeidenAnsätzenist ge-

meinsam,dassdie Syntaxnur alsHilfsmittel, alsQuellevon Instruktionenzur
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Integrationin dasmentaleModell / dasSzenariodient,diewichtigeInformation

mehrodermindersalientmachenkann.

Zugriff: BeimZugriff aufDiskursentiẗatenkönnenverschiedeneInformations-

quellenangezapftwerden:dasWeltwissen,derKo-Text, insbesonderemit der

geradespezifiziertenEntität verbundeneDiskursentiẗaten,Wissenüberdie En-

tität, dasim Diskursmodellgespeichertist. Ausserdembeeinflusstdie Salienz

einerEntität, wie schnellmanauf siezugreifenkann,undwie genausiespezi-

fiziert werdenmuss.Auf der letzterenBeobachtunghatAriel (1990)eineweit

greifendeTheorieaufgebaut,die sogenannteAccessibilityTheory, mit dersie

viele Pḧanomeneder VerwendungreferierenderAusdr̈ucke erklärenwill; ja,

Accessibilityist laut Ariel sogar die Dimension,entlangdererdasSystemder

referierendenAusdr̈uckeeinerSprachestrukturiertist. Die meistenForscherin-

nenundForscherteilendiesenEnthusiasmusnichtganz,undunterscheidenAr-

tenderZugänglichkeit / Bekanntheit,wie z.B.Prince(1981).Chafe(1994)und

Lambrecht(1994) unterscheidenzwei Hauptdimensionen:Identifizierbarkeit

(ist die Diskursentiẗat bereitsim Modell oderaufgrundkon- oderkotextueller

Informationidentifizierbar?)undAktivierung(wie salient,wie zug̈anglichsind

die identifizierbaren(potentiellen)Diskursentiẗaten?Chafeunterscheidetzwi-

schenaktiver, semiaktiver und inaktiver Information. DasProblemmit dieser

sehrkommunikativen Definition ist jedoch,dasssie sich nur schlechtan Kor-

poraannotierenlässt,dageradein derGrauzonederÜbergängezwischenden
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KategorienderAnalystsichgenauin SprecherundHörerhineinversetzenmuss,

umzu ergründen,washiermöglicherweisesogeradenochfür wenaktiv gewe-

senseinkönnte.Eineexplizitereundbessertestbare,kognitiv sehrgutfundierte

TheoriebietetdagegenTalmy Givón (1992,1995)an,dessen̈Uberlegungengut

zu Kintschs(1988,1993)Modell desTextverstehenspassen.

Update: Zum Schluss muss eine Theorie der Verwaltungsdimensioner-

klären,wie die internenRepr̈asentationenvon Diskursentiẗatenerneuertwer-

den können,wie mit konfligierenderInformation umgegangenwird, wie mit

Ver̈anderungeneiner Entität in der Zeit umgegangenwird, und über welche

dieserEigenschafteneineEntität nocherreichbarist odernicht.
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E.5 Wie kann man Entit ätenstatusin Korpora untersuchen?

Das fünfte Kapitel fassteinige grundlegendemethodologischëUberlegungen

zusammen.Die Ausgangsfragedabeiist: Wie kannmanlinguistischeKorrelate

desEntitätenstatusanKorporauntersuchen?

Um dieseFragezuklären,befasseich michzun̈achstmit Korpusstudienzum

ThemaEntitätenstatus.In FragekommenArbeiten, die korpusbasiertunter-

suchthaben,wie Erst-gegen̈uberZweiterẅahnungenrealisiertsind,korpusba-

sierteArbeitenzumThemaBridging,sowie korpusbasierteArbeiten,dienach-

weisenwollen, dassmanmit Begriffen wie “Bekanntheit”, “Zugänglichkeit”

oder“Salienz”dasVorkommenbestimmtergrammatikalischerFormenerklären

kann.EinenÜberblicküberall dieseArbeitenzugeben,würdedenRahmender

Arbeit sprengen.Stattdessenkonzentriereich mich auf methodischeGemein-

samkeiten.

Eine Literaturanalyseergibt, dassviele Arbeitenmit mehroderminderbe-

liebig herausgegriffenenTexten arbeiten. Nur seltenwerdeneigensKorpora

produziert,undwenn,dannsinddasKorporagesprochenerSprache.VieleFor-

scherinnenund Forschersetzenauf bereitsannotiertenStandardkorporaauf.

Dies ist auchdie durchgehendeStrategie meinerArbeit. Solchein Vorgehen

hat zwei Vorteile: Zum einenerspartesdenAnalystenwertvolle Zeit, die in

einetiefereAnalysedereigentlichzu betrachtendenPḧanomenefliessenkann,

zumanderenwerdendieErgebnissenachvollziehbar, daanderenForscherndie-

selbenDatenzurVerfügungstehen.
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In dieserArbeit stützeich mich insbesondereauf zwei in derComputerlin-

guistik popul̈areAnnotationsschemata:dasMUCCS (MessageUnderstanding

ConferenceCoreferenceScheme)-Schema(Girschmanund Chinchor, 1997)

und dasMATE-Schema(Poesio2000). Beide Schematasind SGML- bzw.

XML-basiert. DasMUCCS-Schemawurdefür die Annotationvon Nachrich-

tentexten entworfen. Es ist ausf̈uhrlich validiert wordenund bietet somit ei-

ne solideBasisfür zuverlässigeAnnotationen.Daherbildeteesdie Grundla-

ge für die Annotationaller Korporain dieserArbeit—allerdingsmit einigen

Änderungen. Die vielleicht wichtigsteÄnderungist, dassentgegen dem ur-

spr̈unglichenSchemaAppositionenund prädikative Nominalphrasennicht in

Kospezifikationsfolgeneingef̈ugt wurden. DasMATE-Schemawurdevor al-

lem andie Annotationvon Dialogenangepasst.Esstellt einereichhaltigeTa-

xonomievon Kategorien zur Annotationvon Inferenzenzur Verfügung,die

für die InterpretationmancherdefinitenNPsnotwendigsind (engl.: bridging;

Strube(1996)benutztim DeutschendenTerminus“textuelle Ellipse”). Auf

derGrundlagedieserKategorienundderArbeitenvon Lambrecht(1994)und

Prince(1981,1992)habeich eineigenesAnnotationsschemaentworfen.Dieses

Schemakodiert,ob eineDiskursentiẗat als“gegeben”angesehenwerdenkann,

undwennja, auswelcherQuelledieseInformationen“gegeben”sind.Deshalb

nenneich dasSchema“quellenbasiert”.Eine Übersichtfindet sich in Tabelle

E.1. Von diesersehrausf̈uhrlichenKodierungliessensich bequemvier wei-

tere,gröbereTaxonomienableiten,diskursalt/-neu,höreralt/-neu,eineweitere,
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QuellenbasiertesSchema AbgeleiteteSchemata
Kode Kategorie Beschreibung STAT4 STAT3 DISC HEAR

brand new demHörerunbekannt
BU unanchored keine Verbindungzu existierender

Diskursentiẗat
BN neu neu neu

BA anchored VerbindungzuexistierenderEntität BN med neu neu
U unused dem Hörer bekannt,dem Diskurs-

modellneu
U alt neu alt

accessible ersteBeschreibungkannkonstruiert
werdenaufBasisvon  � �  AC med neu alt

SIT situation  � ¡  Kommunikationssituation
INF inference  � ¡  Verbindungzu etablierterDis-

kursentiẗatX durch—
FRAME frame: Teil desdurchX evoziertenMOP

PART part/whole: physischerTeil vonX
VAL function/value: Wert vonX
ISA set(isa-Link): ElementvonX
SET set(other): Ober-/Untermenge

EVENT nominalization: Nominalisierungder VP, die X de-
notiert

AC active bereitserwähnt A alt alt alt

TabelleE.1. DasquellenbasierteAnnotationsschemaunddie davonabgeleitetenTaxonomien

hörerbasierteTaxonomienach(Strube1998),sowieeinegrobeUnterteilungfrei

nach(Lambrecht1994).

Solch eine detaillierteTaxonomieeignetsich naẗurlich nur für Texte, bei

denendie AnnotatoreneineeinigermassengenaueVorstellungvom Hörer ha-

ben;sonstist espureSpekulation,Quellenvon Diskursentiẗatenannotierenzu

wollen. Fehlt diesesHörermodell,dannmussauf etwaszurückgegriffen wer-

den,dasauchanunbekanntenTextenrelativ gut undzuverlässigannotiertwer-

denkann: Kospezifikationsfolgen,alsoFolgenvon referierendenAusdr̈ucken,

diedieselbeDiskursentiẗat spezifizieren.JederdieserAusdr̈ucke “erwähnt”die
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durchihn spezifizierteEntität. Auf solchenFolgenlassensichgut Distanzma-

ße definieren. Im letztenAbschnitt desfünften Kapitels untersucheich ver-

schiedeneAspektesolcherMaße.Als Erwähnungzähleich bisaufweiteresfür

die Sprachen,die hier untersuchtwurden(Englischund Deutsch)nur explizi-

te Erwähnungenals Nominalphrasen.Ich unterscheideanaphorischeGrössen

(wie z.B. Abstandzur letztenErwähnung)von kataphorischenGrössen(wie

z.B. der Persistenz). Ich argumentiereweiterhin, dassDistanzwerte,wenn

überhaupt,theoriebasiertzu Variablenmit wenigen,sauberdefiniertenKate-

gorienzusammengefasstwerdensollten,dasichsonstunscḧoneVerzerrungen

der gefundenenWerteund Problememit der Zuverlässigkeit der verwendeten

Statistiken ergeben. Am ausf̈uhrlichstenwerdendie Einheitendiskutiert,auf

denenAbstandsmaßedefiniertwerdenmüssen.LayoutbasierteEinheitenwie

Absätzesindinhärentproblematisch,davieleFaktorenbeeinflussen,wannAu-

toreneinenAbsatzeinfügen,nichtnurdie thematischeKohärenz.Referierende

Ausdr̈ucke als Einheit sind ebenfalls problematisch,vor allem da sie im Fall

komplexer Nominalphrasenrecht komplexe Abstandsdefinitionenben̈otigen.

Ein ähnlichesProblemergibt sich für Diskurssegmente,wo man bei Baum-

strukturenmit MaßenausderGraphentheoriewie derLängedeskürzestenPfa-

deszwischenzwei Knotenarbeitenkann.Die einfachsteLösungist undbleibt,

einelinearePartition auf denTextenanhandsyntaktischerGrenzenzu definie-

ren. DieseGrenzenhabenwir sehrweit gesetzt:Aus syntaktischenGründen

umfassteineEinheiteinenHauptsatz,koordiniertesubjektloseHaupts̈atze,und
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alle Nebens̈atze(Major ClauseUnit, MCU, StrubeundWolters2000).

Nachdemich KospezifikationsfolgengrundlegendeAnnotationskategorien

definierthabe,versucheich nun, dieseFolgenzu modellieren.Dazuverwen-

de ich zun̈achsteine recht grundlegendeArt stochastischerProzesse,die so

genanntenPoissonprozesse.Die Ergebnissezeigen,dasssolcheModelle zu

starke Annahmenüber die Verteilungder Erwähnungeneiner Diskursentiẗat

machen. Die Absẗandezwischenzwei Erwähnungenfolgen nicht einer zei-

tinvariantenVerteilung. Ausserdemsind sie augenscheinlichnicht voneinan-

der unabḧangig—damitwäre eine wichtige Voraussetzungfür viele Modelle

stochastischerProzessenicht erfüllt. LetztenEndeswird manein befriedigen-

desModell nur erreichenkönnen,indem man dasModell an eine stochasti-

scheGrammatikanbindet,und ein geeignetesModell desKo-Texteseinbaut,

vielleicht auf Grundlagevon KollokationenzwischenDiskursentiẗaten.Da das

hier verwendeteBROWN-COSPEC-KorpusvieleverschiedeneThemenbereiche

abdeckt,lassensich solcheKollokationenaus ihm nicht ableiten. Es bleibt

weiterhindie Frage,ob sichPoissonprozessetats̈achlichzur Modellierungvon

SequenzenvonErwähnungeneignen.
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E.6 Empirische Exploration I: Radionachrichten

Im erstenTeil der empirischenExplorationendesEntitätenstatus,demKapi-

tel 6, geheich zurück zu derQuellemeinerÜberlegungenundZweifel, zu der

TextsortederRadionachrichten.Mich interessiertzumeinen,wie manbei die-

serTextsorteüberhauptsoetwaswie einenEntitätenstatusdefinierenkann,und

zumanderen,wasdie linguistischenKorrelatediesesStatussind,soer sichals

definierbarerweist.

Die Datenwurdennicht eigensfür dieseArbeit gesammelt,sondernstam-

men ausKorpora,die in der Sprachforschungbekanntsind: dem Stuttgarter

Radionachrichtenkorpus(Rapp1998),unddemBostonerRadionachrichtenkor-

pus (Ostendorfet al. 1995). Weiterhin wurdenals Folie hinzugezogendas

AUDIX-Korpus(Hirschberg 1993)prosodischannotierterAgenturtexte sowie

ein Korpusmit RadionachrichteneinesöffentlichenundeinesprivatenSenders

(Haaß1994).DieseVorgehensweisehathistorischeGründe;ich bin durchmei-

ne Untersuchungenam BostonerKorpuserstauf dasProblemder Givenness

aufmerksamgeworden. Sie hat aberauchVorteile für Prosodieforschungund

Sprachtechnologieforschung.Da in beidenBereichenviel mit meinenbeiden

Hauptkorporagearbeitetwird, ist ein kritischerBlick auf die Textsortesicher-

lich hilfreich, um diegewonnenenErgebnissebesserbeurteilenzukönnen.
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Die medienwissenschaftlicheLiteraturzeigtdeutlich,dassdie Kommunika-

tionssituationbei der Textsorteder Radionachrichtensehrverwickelt ist. So-

wohl die Kommunikatorenalsauchdie AdressatensindsehrheterogeneGrup-

pen. Es ist also nahezuunmöglich, auf diesemTexten exakt zu definieren,

wasnunwirklich neueInformationist, undwasmanalsbekanntvoraussetzen

kann. Als Kompromisshabeich einenprototypischenAdressaten,HerrnJupp

Schmitz(englischerVetter:JohnDoe),definiert,dersichdurchpolitischesDes-

interesseundleichteSimulierbarkeit auszeichnet.Aus derSichtdiesesAdres-

satenwurdederStatusderDiskursentiẗatenbestimmtundannotiert.

Bei der eigentlichenAnalyseder Datenbeschr̈ankteich mich darauf,den

EinflussdesEntitätenstatusauf dieWahldesArtikelsundauf diePronominali-

sierungzu untersuchen.WasPronominalisierungangeht,sohatEntitätenstatus

eine grosseErklärungskraft. Die Variable,operationalisiertals Abstandzur

letztenErwähnung,kannmehrals 50¢ aller Variationin denDatenerklären.

WennesjedochumdieWahldesdefinitenArtikelsgeht,oderumdieFrage,ob

derArtikel weggelassenwerdensollte,dannwird Entitätenstatusweit weniger

wichtig. Als Haupt-Erkl̈arungsprinzipdafür, wannwelcheFormvonreferieren-

denAusdr̈uckenbenutztwird, reichtermeinesErachtensnichtaus.Ich haltees

auchfür fragwürdig,denEntitätenstatusalsfunktionalesStrukturprinzipfür das

SystemderreferierendenAusdr̈ucke einerSpracheanzusetzen,wie Mira Ariel

(1990)dasgernetut. Zwar beeinflussenkognitive Faktorenwie die von Chafe
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herausgearbeitetenFaktorender Identifizierbarkeit undderAktivierungerheb-

lich, wie eine Diskursentiẗat spezifiziertwird; es gibt jedochnoch gen̈ugend

anderesemantischeundsozialeFaktoren,die dabeiebenfalls einegrosseRolle

spielen.Bei denRadionachrichtenspieltsicherlicheinegrosseRolle,dassviel

Information in wenig Zeit vermittelt werdensoll. Dasverführt danndazu,in

eineneinzigenreferierendenAusdruckjedeMengeelementarerPropositionen

hineinzustopfen,die derHörererstwiedermühsamdekodierenmuss,falls sie

nichtbekanntesWissenevozieren.

Bei einerdetaillierterenAnalysestelltesichheraus,dassPronominaim Ver-

gleich zu Korporawie BROWN-COSPEC eherseltenvorkommen,und wenn,

danntritt ihr Antezedentmeist im selbenSatzauf. Definite Beschreibungen

verhaltensichbemerkenswertneutral;ihr Vorkommenist in einemsolchenMa-

ßeunabḧangigvon ihrer Umgebung,dassmansie fastalsunmarkierteOption

für Radionachrichtenbezeichnenkönnte. Bei indefinitenAusdr̈uckenwieder-

um siehtdie Lageandersaus.Siesindeindeutigauf Ersterẅahnungenspezia-

lisiert, insbesondere,unddiesesErgebniswidersprichteineroft in derLiteratur

aufgestelltenRegel,wenndieerwähnteEntität niewiederaufgegriffenwird.
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NP level
AGREE Kongruenz(Numerus,Genus,Person)
Werte: 1 sg.,1 pl., 2 sg.,2 pl., 3 sg.masc.,3 sg. fem.,3 sg.neut.,3 pl.
SYN SyntaktischeFunktion
Werte: Subjekt,Objekt,PP-Adjunct,andere
CLASS Sorte
Werte: sieheTabelleC.2

Co-specificationlevel
SYNANTE SyntaktischeFunktiondesAntezedenten
Werte: ersteErwähnungin einerKette,einzigeErwähnung,

Subjekt,Objekt,PP-Adjunkt,andere
FORMANTE FormdesAntezedenten
Werte: ersteErwähnungin einerKette,einzigeErwähnung,

Pronomen,Possessivpronomen,Demonstrativpronomen,
definiteNP, indefiniteNP(oderkein Artikel), Eigenname

DIST Abstandzur letztenErwähnung
Werte: keinAntezedentim Diskurs,Antezedentin derselbenMCU,

Antezedentin dervorhergehendenMCU, Antezedentfrüher
PAR Parallelismus
Werte: kommtmit derselbensyntaktischenFunktion

im vorhergehendenSatzvor, ja/nein
COMPANTE Ambiguität
Wert: AnzahlkongruenterDiskursentiẗaten

Tabelle E.2. Übersichtüberdie verwendetenFaktoren. Alle Faktorensind kategorial, außer
COMPANTE, derordinalist

E.7 Empirische Exploration II: Pronominalisierung

In Kapitel7 gehtesumzweiFragen:Wie gutkannstrukturellerEntitätenstatus,

operationalisiertalsAbstandzur letztenErwähnung,erklären,wanneineDis-

kursentiẗat mit einemPronomenspezifiziertwird, und wann man lieber eine

volle NP verwendensollte?KannmanüberhauptgenreunabḧangigePronomi-

nalisierungsregelnaufstellen,undwennja, welcheRolle spieltderstrukturelle

Entitätenstatusdabei? Wir habenunsdabeiauf dengrundlegendstenFall be-

schr̈ankt: wir wollten alle Pronominavorhersagen,egal welcherPerson.Dies



322� E Zusammenfassung

ist ungewöhnlich,weil sichviele vorherigeStudienauf Personalpronominader

drittenPersonbeschr̈ankthaben;mancheStudienhabenauchnochdie Diskur-

sentiẗatenauf solcheeingeschr̈ankt,derenReferenteinMenschist.

BeideFragenwurdenauf demBROWN-COSPEC-Korpusuntersucht.Dabei

wurdenzwei Arten von Verfahreneingesetzt.Mit Hilfe der logistischenRe-

gressionkönnenwir detaillierteHypothesendar̈uber testen,welcheFaktoren

die Pronominalisierungbeeinflussen,undwir könnenermitteln,wie starkdie-

serEinflussist, undwie starkdie Faktorenmiteinanderwechselwirken. Durch

denEinsatzvon AlgorithmenzummaschinellenLernenkönnenwir klären,in-

wiefern die Faktorenausreichen,um vorherzusagen,ob eine Erwähnungals

Pronomenrealisiertwird odernicht. Wir verwendendazueinenregelbasierten

Lerner, RIPPER(Cohen1995), und eineninstanzenbasiertenLerner, IB1-IG

(Daelemans,Zavřel, van derSlootandvan denBosch1999). Strenggenom-

menist auchdie logistischeRegressionein Vorhersageinstrument,sodasswir

am Endedrei Ansätzezum maschinellenLernenvon Pronominalisierungver-

gleichenkönnen:statistischeScḧatzverfahren(logistischeRegression),Regel-

induktion(RIPPER)undbeispielbasiertesLernen(IB1-IG).

Die erstederbeidenFragenkannbejahtwerden:DasAbstandsmaß,dashier

definiert wurde, kann tats̈achlich viele Vorkommenvon Pronominaerklären.

Wir untersuchten,obweitereFaktorendieLeistungverbessern.DieseFaktoren

sind in TabelleE.2 zusammengefasst. Wir beschr̈anktenunsdabeiauf solche
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Faktoren,die entwedereinfachausvorhandenenAnnotationenextrahiertwer-

denkönnen,oderdie zuverlässigannotiertwerdenkönnen.UnsereMotivation

dafür war nicht, einen“wissensarmen”Ansatzzur Generierungvon Pronomi-

nazu entwickeln. UnsereMotivationwar ehertheoretischerNatur: statistische

TestsaufunzuverlässigannotiertenDatensindwenigsinnvoll.

Zur zweiten Fragekonntenwir ebenfalls eindeutigeErgebnisseerzielen.

Welcherder Faktorenwie wichtig für die Pronominalisierungist, dashängt

eindeutig vom Genre ab. Der einzige wirklich robuste (aber wenig er-

klärungsstarke) Faktor war COMPANTE, Ambiguität. Wir könnenzwar eine

Mengevon vier Faktorenausmachen,die für alle GenrespassableErgebnisse

liefern: DIST, COMPANTE, FORMANTE und AGREE. DieseFaktorenliefern

jedochnicht immerdiebestenErgebnisse.

Die detaillierteSorten-Ontologie,die in AnhangC.2 beschriebenist, war

leider wenig hilfreich. Die wichtigstenUnterscheidungenwaren,wie ausder

Literaturzu erwarten,[ £ belebt]und[ £ abstrakt].Die syntaktischenFaktoren

PAR, SYN, undSYNANTE warenbeiweitemnicht sowichtig wie dieLiteratur

suggeriert. Wir denken nicht, dassdies daranlag, dassunsereEinteilung in

syntaktischeFunktionenzu wenigdetailliertwar; siekommtderebenfalls sehr

grobenEinteilungvonGivón (1992)rechtnahe.
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