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Abstract

Our hypothesisis that certainclauseshave foreground
functionsin text, while otherclauseshave background
functionsandthat thesefunctionsareexpressedor re-
flectedin thesyntacticstructureof theclause.
Presumablytheseclauseswill have differing utility for
automaticapproachesto text understanding;a sum-
marizationsystemmight want to utilize background
clausesto capturecommonalitiesbetweennumbersof
documentswhile an indexing systemmight usefore-
groundclausesin orderto capturespecificcharacteris-
tics of a certaindocument.

Topic in text for information access
This papergivesa short descriptionof a seriesof experi-
mentswehaveperformedto testourhypothesesthatclauses
havedifferentfunctionsin transmittingtheinformationflow
of text, namelythe functionsoften calledtopicality or the-
matic structure.The applicationareawe choseto evaluate
our hypothesesthroughis that of analysisof texts for the
purposesof informationretrieval.

Topicality, foreground, and background
Thereis an entirebodyof researchput into uncoveringthe
topical structureof clausesand texts. Thereis a long tra-
dition of semanticandpragmaticstudyof clausestructure
from theCharlesUniversityin Prague(e.g.Hajičová,1993),
thereareseveralresultssupportingourhypothesesusingthe
generaltheoryof transitivity (Halliday, 1967,1978;Hopper,
1979),therearenumbersof algorithmsfor anaphorresolu-
tion which touchclausalcategorization,therearestudiesof
automaticsummarizationalgorithms,and therearestudies
of text grammarswhichall havebearingonourwork. How-
ever, no studieshave beenmadespecificallyon clausalcat-
egorizationfor topicalanalysis,andtheempiricalvalidation
of theseideashavebeenheldbackfor lackof effectivetools.

Transitivity and clauses
Transitivity is oneof themostbasicnotionsin thesystemof
language,but ill formalizedin theformalstudyof language.
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Clausesin languagerepresenteventsandprocessesof var-
ious kinds,andtransitivity is that characteristicof a clause
which modelsthecharacterof theprocessor event it repre-
sents.Thissystemicmodelwasfirst formulatedby Halliday
(1967) andhassincebeenelaboratedby Hopperandoth-
ersin a theoreticsense:very little empiricalstudyon large
numbersof texts hasbeenperformed,andno systematiclet
alonequantitative evaluationof the theorieshaseven been
proposed.

Oneof thebasicconceptualstructuresof languagein use
is thatactionsaredoneby peopleandaffect things.How the
actionis performed,by whom,andon whatareall encoded
in theclauseby varioussyntacticmechanisms,in a general
systemof transitivity. For mostnon-linguists,transitivity is
only explicitly mentionedin foreign-languageclasseswhen
classifyingverbsastransitive or intransitive,meaningif the
verbin questiontakesa directobjector prefersnot to. This
is of coursecentralto thetaskof modelingactionandeffect,
but transitivity coversmorethanthis oneaspectof process
structure.Halliday’s modelmentionsa numberof specific
factorsor “systems”that cover the moregeneral“system”
of transitivity: Number, type,androleof participant:human
or not? Agent?Benefactive?;Processtype: existence,pos-
session,spatial/locative,spatial/mobile(e.g. 1978,p. 118).
Theseaspectsof clausalorganizationhook up with factors
suchastemporal,aspectual,or moodsystemsto producea
clause. This clausenot only carriesinformationaboutthe
event or processit represents,but it alsocrucially builds a
text, togetherwith adjacentclauses. In Halliday’s model
(mostcomprehensivelydelineatedin his1967publication)a
clauseis theconfluenceof threesystemsof syntacticchoice:
transitivity, moodandtheme.Transitivity, he writes, is the
setof optionsrelating to cognitivecontent, moodbeingthe
systemfor organizingthe utteranceinto a speechsituation,
andthemebeingthesystemfor organizingtheutteranceinto
adiscourse.

While thereis amplepsycholinguisticevidencethat the
syntacticform of aclauseis discardedafterbeingprocessed
by the heareror reader(e.g. Jarvella, 1979), the commu-
nicative structureof the clauseis retainedto organizethe
informationcontentof the text or discourse.The structure
of a clauseis not arbitrary, andcannotbedeterminedin iso-
lation from other clausesin the vicinity and other events,
processes,andparticipantsrepresentedandmentionedin the
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Table1: Transitivity characteristics.
Feature High Low
Participants 2 or more less
Kinesis action non-action
Aspect completed partialor imperfect
Punctuality punctual continuous
Volitionality volitional non-volitional
Polarity affirmative negative
Reality real non-real
Agency potentagent non-potentagent
Effecton object totally affected notaffected
Individuation individual object non-individual object

text.
Transitivity hasbeenandis beingstudiedonly asa very

theoreticalconstruction,andlittle work hasbeendonewhich
would be of direct implementionalquality. The theoreti-
calwork concentratesonsyntacticmodelingof languagesof
which thereis ratherlittle knowledgeyet,asa first stageto-
wardsbuilding amorecompletedescription.Practicalclues
asto how to makeuseof transitivity aremainlydueto Hop-
perandThompson(Hopper, 1979;HopperandThompson,
1980). Hopper arguesfor the distinction betweenback-
groundand foregroundin narrative, signaledby variation
alongthe qualitiesof the subject- suchasanimacy or hu-
manness,thepredicateverb- suchasaspector tensemark-
ing, andthevoiceof theclause.Many or evenmostof these
factorscutacrosslanguagedivides(seee.g.DahlandKarls-
son,1976). HopperandThompsonthenproposea number
of characteristicsalongwhichtransitivity is measured,some
of which aredirectly quantifiableasshown in the tablebe-
low. Thesefactorswe canmake usedirectly in our imple-
mentationeffort.

Clausesand Topic
Thereis a large numberof approachesto textual modeling
with very varying basisin theoriesof languageor syntax.
Most modelsof text are statisticallybased,or have some
high-level modelof argumentationto follow irrespective of
syntax; sometake recourseto cue phrasesor expressions
specificto somedomainto build a text model. Someuse
syntacticanalysisasa low-level building block, but discard
whatis left of thesyntacticanalysisaftertheargumentstruc-
tureof theclausehasbeenestablished.

Local coherence

Much of topical study centerson local coherenceof dis-
courseor text, suchasresearchmodelsof theme-rhemeor
topic-comment, or researchstrandssuchasrecentprojectsin
modelingcentering(Groszetal,1995).In theseapproaches,
topic is a featureof theclause,andis carriedoverto thenext
clausethroughrelativelyovertsyntacticmechanismssuchas
argumentorganization,anaphor, or ordering.Thesetypesof
modelof local coherence,wheresomehave a fairly sophis-
ticatedtheoreticalbaseratheralongthe lines of Halliday’s
themesystem,will well benefitfrom usingtransitivity asa
factor.

Narrati ve models
Other studiestry to understandtopic from the top down,
building argumentstructuresor narrativeframes(e.g.Lehn-
ert, 1980). Lehnert, for instance,discussingapplication
to summarization,arguesthat we must have a picture of
plot progressionthroughouta text, with a modelof mental
statesof an implied readerwhich thetext affectsin various
ways. This high-level type of approach,most often with
lesspsychologicalmodeling involved, was typical during
the knowledge-basedsystemsprojectsof the late eighties.
Thefailingsof suchsystemsareoftenthatthey have too lit-
tle actualtext processingcapacity, andstumbleon text pro-
cessingasa task.Many systemsattemptto generaterhetor-
ical structuresof variousflavors basedon local coherence
models(e.g. Marcu, 1997or 1998; Corston-Oliver, 1998;
Liddy, 1993), but quite often needmore syntacticcompe-
tence. Simpler models,with a form-filling approach(e.g.
Strzalkowski et al, 1998)performquitewell, up to a point,
with muchlessinvestmentin discoursemodeling.Thereis a
spanof suchmodels,rangingfrom completelygeneraltem-
platesandvery strictly task-orientedandtailoredextraction
patterns;themiddlegroundbetweenthemis claimedby hy-
brid approaches,whichindeedarejust that: combinationsof
bothratherthanbridgesbetweenthem(Kan andMcKeown,
1999).Thegreatereffort in building anarrationor discourse
modelhasyet to prove useful: the bridgefrom text to dis-
coursemodelhasnot beenusefully closedyet. It is in this
typeof modelourcontributionmostclearlywouldbeof ben-
efit: thesesystemsneedto form a clearerunderstandingof
theinformationalrationaleof syntax.

Lexical chains
Severalapproachestry to establishlexical chainsin text as
a basisfor understandingcontentfor eitherindexing for re-
trieval or summarizationtasks.Lexical units in the text are
pickedout by somealgorithm,possiblyafterthetext is seg-
mented(e.g. Barzilay and Elhadad,1997), and relations
betweenunits areestablishedusingterminologicalmodels.
Many of thesemodelsutilize text segmentationalgorithms,
basedon occurrencestatistics(e.g. Hearst,1994or Reynar,
1994),or thesauriand terminologicaldatabases,or cueor
trigger phrasesof somesort (e.g. Boguraev andKennedy,
1997).Thesetypesof modeltendto bequitesuccessful,but
areoften quite a-theoreticandwill be difficult to improve
usingtheoreticaladd-onmodels.

OpenResearch Questionsand Bottlenecks
The first researchquestionfor us is “What makesa text a
text?” This is a questionothershave asked before. Cur-
rent work in text understandingis plentiful and partially
successful.Most of the work in our field — that of lan-
guageengineering— is basedon statisticalmodelsof term
occurrence,whetheralong lexical chains,in sentenceex-
traction algorithms,or using thesaurias a domainmodel.
Themainexceptionis centeringandotherrelatedandnon-
relatedanaphoraresolutionapproaches.Most of the effort
beingput into text analysistoday is along the lines of the
themesystemin Halliday’sanalysis.



The arguablyprimary aspectof the clauseis that of its
cogniti� ve content,andits relationto theothersystems:this
is measuredusingvery simplestatisticallybasedmodelsor
thesaurus-basedmodelsof lexical cohesion. The study of
transitivity would raisethesophisiticationof this systemto
matchthatof thestudyof themeandtopicality perse.This
givesus the taskof primarily concentratingon transitivity
asa high level descriptionof clausecontent,function, and
structure;whenwe do it canbe connectedto the discourse
throughthe efforts of other projectsas outlined above —
andasanendresultgainmoreknowledgeof thestructureof
texts.

Sinceour hypothesisis that clausesbeardifferent roles
in a text, andthat theserolesat leastin part arecommuni-
catedthroughtheir semanticrole structure,this is wherewe
shouldconcentrateourefforts. Themechanismsmodeledby
transitivity arestronglyencodedin syntax,andthuslargely
languagespecificin theirencoding.However, their function
is not: we expect the transitivity of clausesto bearon the
differencebetweenforegroundandbackgroundin text. This
is likely to begenre-andculture-specific,but not specificto
languages.Theutility of building a transitivity-basedmodel
of text will be boundto cultural areas,but independentof
language.

Thereseemsto begreatpromiseto seeour work to pro-
videempiricaldatatowardsbuilding moresyntacticanalysis
tools with ambitionstowardsbuilding a morecompleteyet
practicalmodelof text. Transitivity ontheclauselevel is one
of thekey factorsin understandinginformationorganization
on thetextual level, andasof now, anuntappedresource.

Peopledo not know foreground from background

To gain first knowledgeof how peopleunderstandtextual
informationorganizationwe performeda shortexperiment
to determineif humanjudgescanagreeon foregroundand
backgroundclauses.We gave threejudgesweregiven ten
news items eachand instructionsto mark foregroundsen-
tences.The instructionsweredeliberatelyleft vagueso as
not to give judgestoo specificcriteria for determiningfore-
groundness.Thethreejudgeswereall trainedlinguistsand
quiteexperiencedin makingtextual judgments— they were
not selectedto be representative of the populationat large
but to gain someunderstandingof what sort of judgments
canbe expected. Using standardmeasuresfor calculating
judgeagreementwe found agreementonly marginally bet-
terthanchance.Not eventrainedlinguistscanagreeonwhat
foregroundsentencesare.

Foreground clausesare special

We did find somecommoncharacteristicson thoseclauses
wherethey did agree:moststrongly, the clauseswhereall
judgesagreedonmarkingthemforegroundwerelonger than
otherclauses,asa basicindicationof their highercomplex-
ity syntactically(by Mann Whitney U; p � 0,95). These
datagivesomeencouragementto continuestudyingthecri-
teria given in the literatureto seeif they give purchasefor
predictiveanalysis.

Evaluation by information retrieval
Pureretrieval systemsusuallyinvesta fair amountof effort
into completelyignoring text astext. Someexceptionsin-
cludeexperimentsto statisticallyprocesssyntacticrelations
in text (e.g. Strzalkowski et al, 1997) to find typical rela-
tions entitiesengagein (in a sort of small-scaleversionof
extractiontechnology)andotherstrying to establishrefer-
encechainsin text (e.g.Liddy, 1994)to sortout occurrence
frequenciesobscuredby anaphor. Informationretrieval sys-
temstypically have neithertextual modelsnor local coher-
encemodelsto guide their analysisof texts; word occur-
rencestatisticsaregoodenoughfor thetasksthesesystems
areusedfor atpresent.While theprospectsof impressingin-
formationretrieval systemengineerswith syntacticandse-
manticnicetieswill be unlikely, the evaluationframework
providedby informationretrieval systemsis usefulenough
for usto testour futurealgorithmsfor this purpose.

An efficient systemfor marking semanticroles
To get further, we need automaticanalysis for marking
large text corpora. Basic syntacticanalysiscan today be
provided by several different tools: for our purposesde-
pendency analysisis the most appealingand most closely
vectoredto the information we wish to find in text. The
Conexor FunctionalDependency GrammarParserproduces
dependency-basedfunctional descriptionsfor a numberof
languages1(TapanainenandJärvinen,1997).Theparserpro-
ducessurface-syntacticfunctional descriptions— subject,
object, verb chain, variousadverbialsandso forth — that
allow usto extractlinguisticcorrelatesof foregroundingand
backgrounding:westartedby thosepropertiesthatwereau-
tomaticallyrecognisableusing the syntacticparserandse-
lectedvoice, ordinance, andaspectfor furtherstudy.

Voiceandaspectarethetraditionalmechanismsto control
the distribution of information in sentences.The analyser
recognisesactive(ACT) andpassive(PSS)voiceandclassi-
fies thepredicatesaccordingly. For the time beingwe have
not implementedany systematicpurelyaspectualclassifica-
tion scheme,which would require lexical information not
available in the system. The codingof aspectualphenom-
enais basedon the morphosyntacticpropertiesof English.
Therefore,thepossiblevaluesin theaspectcolumnarepro-
gressive(PROG),andaspossiblevaluesfor non-progressive
forms,future(FUTU) andpast(PAST).

By thetermordinancewemeansyntacticgovernmentbe-
tweenclauses.Initially, we madea distinctionbetweenthe
mainclauses(MC) andsubordinateclauses(SC).Basically,
themainclausesareforegroundandsubordinateclauses,es-
peciallytheadverbialclauses,describethecircumstancesof
theactionreportedin thegoverningclause.

Two additional typeswere distinguished: report clause
(RC) and the main clause(cMC), becausein theseclause
typesgovernancerelationsaresupposedlyreversedwith re-
spectto foregroundvs. backgrounddistinction.

In additionto sententialproperties,we examinedthedis-
tribution and form of the main elementsof the sentence.

1There is an online demo of the English FDG parser at
http://www.conexor.fi/parsers.html



Table2: Syntacticfeaturesandrolesproducedby thesystem
name explanation comments
pred predicate
voice ACT — PASS
ord ordinance MC — SC— RC— cMC

aspect PROG— PAST — FUTU
meta clauseadverbials
actor
isa-s predicative

theme
benef benefactive
man manner mappedonFDG output
loc location mappedonFDG output
goa goal mappedonFDG output
sou source mappedonFDG output

temp temporal mappedonFDG output
wrds baseforms
sent runningtext tokens

To achieve bettercorrespondenceswith the distribution of
the contentwords,we aim to go beyond the meresurface
distributionsandsyntacticfunctions.An additionalcompo-
nentcalledSemRoleusesthedatastructuresproducedby the
FDG parserto recognisethesemanticrolesof theelements.

This is in factwhat theparserproducesfor theadverbial
elements. The importantsyntacticdistinction is between
the actantsvs. circonstants(seeHajičová, 1993,Tésniere,
1959). Theactantialrolesactor, themeandbenefactiveare
the participantsin the action and the circumstantialroles
suchas locationsandgoal, source and temporal functions
usuallydescribethe backgroundof the action. We expect
the distribution of the sententialelementsto correlatewith
theforegroundvsbackgrounddistinction.

TheFDG parserasbuilt todayproducessurfacesyntactic
functionsonly andthesemanticrolesareextractedfrom the
analysisthrougha systemdevelopedspecificallydeveloped
for thispurpose.Table6 showsasimplifiedmatrix featuring
somepiecesof informationproducedby the SemRolepro-
gram. The input sentenceis given in the last column. The
first columnshowsthepredicate, secondcolumnvoice(ac-
tiveor passive),third columnthesemanticsubject,or actor,
fourth columnthesecondargument,or theme, fifth column
therecipientor benefactive. Somecanbeextracteddirectly
from thefunctionaldescription,suchasadverbialelements.

The analysisusedfor theseexperimentscontainsonly a
few, selectedpiecesof themorphosyntacticinformationpro-
ducedby theparser. For example,thepartof speechinfor-
mationis generallynot used.Theactorfield shows the tag
PRON for a pronoun,which is a possiblefeatureof fore-
grounding.Thereis ampleroomfor improvement.

Sampleanalysis
Theanalysisof thesentencebelow is presentedin Table7.

“Dependent on the state for most of its mental
health money, county officials said they reluctantly
ordered the closures when the mental health budget
plunged hopelesslyin the red after the statefailed to

provide the countyenoughmoney to keepthe system
afloat.

Evaluating relevanceof clausetype variation

Giventhatwehaveamechanismfor distinguishingdifferent
typesof semanticroles in text, we usethat informationto
rankclausesaccordingto foregroundness.Oneof ourunder-
lying hypothesesis that foregroundedclausescontainmore
relevantandtopicalcontentthando backgroundclauses.

We rana seriesof experimentsusinga numberof queries
from the Text Retrieval ConferenceTREC, wherea large
numberof texts arejudgedagainsta setof retrieval queries.
Our methodwasto calculateif clauseswith a largenumber
of foregroundmarkerscontainmorerelevantcontentwords
in texts judgedrelevanttexts thanin texts judgedirrelevant.
Therationalefor thisexperimentis thattextsthattreatasub-
ject in foregroundwould be more likely to be relevant for
aninformationretrieval querythantexts thatmentionsome-
thing in passing,asabackgroundfact.

We examinedthe distribution of highly relevant content
words(for query332, e.g., “tax”, ”income” “evade” “eva-
sion” in their differentforms) over the clauseargumentsin
theexampletexts,andusedthesefindingsto defineandfine-
tunea clauseweightingschemebasedon the analysispro-
vided by the semanticrole parserprogram. The objective
wasto find a weightingschemeto rank foregroundclauses
highly so that thedifferencebetweenforegroundandback-
groundcouldbeusedin retrieval systemsfor weightingcon-
tentwordsappropriately.

Theadverbialsof manner, location,andtimearelexically
categorized into more or less situation-bound: “quickly”
and“surprisingly”, “here”, “today” e.g. aremoresituation-
boundandspecificand lessstative than are e.g. “eventu-
ally”, “never”, “while”, and“well”. Most of the lexical ar-
gumentslotsarein themselvesmoresituation-bound:if no
argumentis given, the clausehasa morespecificcharacter
thangeneralclauseswithout actor, beneficient,or explicit
goal. Thevoiceandtenseof theclausealsoaregraded:fu-
ture tenseis moresituation-boundthanis progressive tense
or passive voice. If the agentis human— a personalpro-
nounor a personname,it is moregroundedin thesituation.

We find that contentword-containingclauseshave more
foreground characteristics(statistically significant differ-
enceby theMannWhitney U testfor ranksum).After some
manualtuning — a task for which machinelearningalgo-
rithms would be a naturaltool — we settledon an ad-hoc
weightingasshown in Table3.

Experimental material

We usedmaterialonly from the Los AngelesTimes sec-
tion of theTRECcollectionin orderto minimizetherisk of
source-dependentstylistic variation swampingthe distinc-
tionsbetweenforegroundandbackground,andusedqueries
301 to 350 in the TREC test battery. We ran two experi-
ments,oncewith all fifty queries,andoncewherewe dis-
cardedquerieswith five or fewer relevantdocumentsin the



Table3: Weightingof semanticrole fields
Function Foregroundweight
Predicateverb Any: +1
Voice -
ord Future:+1
Aspect -
meta -
Actor If a pronounor name:+1
Theme Any: +1
Beneficient Any: +1

Manner
Any: +1 plusextra point
for any memberof list of
“punctual”adverbs.

Location
Any: +1 plusextra point
for “here”, “there” or po-
tentialnames.

Goal Any: +1
Source Any: +1
Time Any: +1

Table4: Averageprecision
Full setof all 50 queries

Morphologyonly 0.0729
Morphologyandsemanticroles 0.0815

Trimmed setof 31 queries
Morphologyonly 0.0967

Morphologyandsemanticroles 0.1166

LA timessubcollection2, leaving thirty-onequeriesto work
on. Theassumptionwasthatevaluatingtheresultsontheba-
sisof very few relevantdocumentswould leadto resultsbe-
ing swampedby othertypesof noisein thematerial— asit
turnsout, a correctassumption.Discardingthe low-density
queriesdoesimproveresultsaswill beshown below.

Experiment procedure
Retrieval systemsranktexts accordingto termoccurrences.
Givena clauseweightingscheme,we canweight termsoc-
curring in a foregroundedclausemorethanwe will weight
termsonly occurringin backgroundclauses.

For our testwe for eachquerytake theTRECLA Times
texts with relevance judgmentsfor that query and run a
searchexperimenton them, in effect rerankingdocuments
that othersearchsystemsretrieved from the TREC collec-
tion.

2Left out werequeriesno.: 303307308309320321324326
327328334336338339340344345346348

Table5: Numberof improvedqueries
Full setof all 50 queries
Morphologyonly 17

Morphologyandsemanticroles 25
Trimmed setof 31 queries

Morphologyonly 9
Morphologyandsemanticroles 19

We do this onceusingclauseweighting,andoncewith
samepreprocessingbut disregardingthe clauseweight, in
effect only providing morphologicalnormalization.In this
experimentwe do not performcompleteretrieval on other
documents— we aim in this experimentto seetheextra ef-
fectsemanticrolesgivearetrieval tool, not to build anentire
systemfrom scratch. We preprocessqueriesby including
all wordsfrom title, description,andnarrative fields of the
TREC topics,normalizefor caseandexcludepunctuation.
Someexamplesareshown below.

301

internationalorganizedcrime identify organizationthat par-
ticipate in internationalcriminal activity the activity and if
possiblecollaborateorganizationandthe countryinvolved a
relevantdocumentmustasa minimumidentify theorganiza-
tion and the type of illegal activity eg columbiancartel ex-
porting cocainevaguereferenceto internationaldrug trade
without identificationof the organizationinvolve would not
berelevant

313

magneticlevitation maglev commercialuseof magneticlev-
itation a relevantdocumentmustcontainmagneticlevitation
or maglev it shall be concernwith possiblecommercialap-
plicationof this phenomenonto includeprimarily masstran-
sit but alsoothercommercialapplicationsuchasmaglev fly-
wheel for car discussionof superconductivity when link to
maglev andgovernmentsupportplanwhenlink to maglev be
alsorelevant

332

incometax evasion this query is looking for investigations
thathave targetedevadersof us incometax a relevant docu-
mentwould mentioninvestigationseitherin theusor abroad
of peoplesuspectedof evadingusincometax laws of partic-
ular interestareinvestigationsinvolving revenuefrom illegal
activities asa strategy to bring known or suspectedcriminals
to justice

The searchis conductedusing a simple weightedfre-
quency index, an idf table,anda very simplesearchscript:
eachword in the queryword set— asshown above — is
matchedtowardsall words in all documents. If a match
is found, the documentscoreis incrementedby the word
weight(tf), basedon its frequency of occurrencein thetext
multipled by the clauseweightsof clausesin which it oc-
curs, andalsomultiplied by its collection frequency (idf):
the numberof documentsin the collectionthat containthe
word.

The results are quite convincing. The semanticrole
weighting improvesresults. The Tables4 and5 show av-
erageprecisionfor all fifty queriesfor the two casesand
how many queriesshowedimprovedresults3. Somequeries
fail to show improvementfor thenew weightingscheme,but
mostdo; if querieswith lessthanfiverelevantdocumentsare
discardedthedifferenceis greater.

The experimentis a clearsuccess,andwe canconclude
thatsemanticrolebasedclauseweightingdoesaddinforma-
tion to termfrequencies.
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Table6: Voiceandsemanticrolesattachedto a predicate“give” in variousalternationpatterns.
pred voice actor theme benef sentence
give ACT he book - He gaveJohna book.
give PSS - book John A bookwasgivento John.
give PSS - book John Johnwasgivena book.

Table7: A samplematrixproducedby theanalysissystem.
pred voice ord aspect meta actor isa-s theme benef man loc temp
say ACT RC PAST - countyofficial - cMC - - - -

order ACT cMC PAST - they PRON - - - reluctantly - -
plunge ACT SC PAST - mentalhealthbudget - - - hopelessly red when

fail PSS SC - - - - - - - - -
provide ACT SC - - - - - - - - -

keep ACT SC - - - - system - - - -


