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Abstract

This paperdescribesa systemwhich recagnizesevents
on newsstories.Our systentlassifiesstoriesand populates
a hand-ciafted ontolagy with new instancesof classede-
finedin it. Currently, our systemrecanizeseventswhich
can be classifiedas belongingto a single category and it
alsorecanizesoverlappingeventswithin onearticle (more
thanoneeventis recaynized).In eat case the systenpro-
videsa confidencevalue associatedo the sugyestedclas-
sification.Our systenusesnformationExtractionand Ma-
chineLearningtechnolagies.Thesystenwastestedusinga
corpusof 200 news articles from an archive of electionic
news stories describingthe academiclife of the Knowl-
ede Media (KMi). In particular, thesenews stories de-
scribeeventssud as a projectaward, publications,visits,
etc.)

1. Intr oduction

This paperfocuseson the problem of semi-automatic
populationof anontology Our approachs basedon Infor-
mationExtractionandMachineLearningtechnologiesEs-
sentially information extraction canbe seenasthe task of
pulling predefinedrelationsfrom texts. Efforts have been
madeto apply information extractionto several domains,
for instance scientificarticlessuchas MEDLINE [3] and
medicalrecordq9]. In designinganinformationextraction
systemfor KMi, the systemshouldbe ableto extract the
nameof KMi projects KMi fundingorganizationsawards,
dates.etc andignorearything not clearly relevantto these
pre-specifie¢ateyories.Ontologiescanbeusedn informa-
tion extractionsystemgo help themextractrelationsfrom
semi-or unstructureddlocumentsstatement®r terms[8].
Also, recentwork on semi-automationtology acquisition

David Celjuska
Departmenof Artificial Intelligence
andCybernetics
TechnicalUniversityof Kosice,
Letna9/A, 04001Kosice,Slovakia
cel j uska@euron. t uke. sk

by meanf informationextraction,supportedy machine-
learningmethods,s describedn [5, 4, 10, 11]. On simi-

lar lines, thereis CMU’s approachfor extractinginforma-

tion from hypertext usingmachinelearningtechniquesand
makinguseof anontology[2].

Our system, as most information extraction systems,
usessomeform of partial parsingto recognizesyntactic
constructavithoutgeneratingacompleteparsereefor each
sentenceSuchpartial parsinghasthe advantage®f greater
speedandrobustnessHigh speeds necessaryo applythe
informationextractionto alarge setof documentsThero-
bustnessachievzedby allowing usefulwork to be donefrom
a partial parsingis essentiato dealwith unstructuredand
informal texts.

The maincontributionsof our papercanbe summarized
asl) identificationof eventsin news storiesby meansof In-
formationExtractionandMachineLearningtechnologyand
2) semi-automatipopulationof a selectedbntology

The paperis organizedasfollows: Section2 shows the
eventtopology usedin our event recognitionsystem.Sec-
tion 3 describeshe classificatiorof news stories.Section4
presentsheprocessnodelin oursystemSectionb presents
the assignatiorof confidencevaluesto the rules extracted
usingCrystal.Section6 presentghe evaluationcarriedout
usingthe KMi archie of news stories.Finally, Section7
givesconclusionsanddirectionsfor futurework.

2. Eventtopology

KMi planetis an newslettercovering eventsand activi-
tiestakingplaceat KMi. Eventsaredefinedformally in our
ontologyasclassesCurrently the KMi ontologydefines40
differenttypesof events.Firstly, the eventtopologyis de-
fineddirectly in the ontology Then,for eachevent,we al-
readyhave definedthe slotswhich might beinstantiatedy
aninformationextractioncomponentFor the sale of space,
we only presentthe structureof one type of eventsfrom



the event hierarchy this is the (visiting-a-place-oipeople)
eventtype.

ClassEvent:visiting-a-place-oipeople
slots:
visitor (list of person(s))
people-ororganisationbeingvisited
(list of person(s)pr organization)
has-duratiorfduration)
start-time(time-point)
end-time(time-point)
has-locatior(aplace)
otheragents-inolved
(list of person(s))
main-agenflist of person(s))

The structureof eventvisiting-a-place-opeopledescribes
asetof objectswhichmightbeencountereih a news story
describingavisit event,e.g.visitor, people-ororganisation-
being-visited otheragents-imolved.

3. Classificationof newsstories

The main processin the classificationis to take each
sentencen the text (in our casea news story and seeif it
matchesary of our domain-specifidearnedpatternsif no
patternapplieso asentencethennoinformationwill beex-
tractedthis meanghatirrelevanttext canbeprocessegtery
quickly.

We classify news storiesor documentsas belongingto
ary of thetypesof eventsaccordingto the objectsthatare
foundin them.For eacheventtype,we have predefinecb-
jectsthat shouldbe found in a news story covering events
of thattype.For instancefor theevent“visiting-a-place-of
people”the systemmight encountepbjectsof type: visitor,
placeanddate.

In our system classificationis performedin the follow-
ing steps:

e pre-process news story
o find the objectsin a news storyusingpartial parsing

e provide classificationof a news story with associated
confidencevalue

Eacheventin our systemhassereral patternsvhich can
be usedto recognizeit. For instance,in the caseof the
“visiting-place-orpeople” event, someif the patternsen-
counteredvere”X visitedY”, "X visits Y” and”Y visited
by X" whereX is apersomandY is aplace/institution.

Problemsmight occurwhenmorethanoneeventis de-
scribedin a news story. In this caseour systemdecidesto
classifythe news storyaccordingto thefollowing criteria:

the confidencevalueis computedasthe numberof slots
the systemwasableto extractdivided by the total number

of slotsthatanannotator/gpertusedduringthe annotation
proceson ary news storyfrom a givenclass.

The confidenceof classificationinto a given classis
shawn below.

con fidence_classi fication = —
m

wheren is thenumberof itemsextractedandm s thenum-
berof slotsusedby annotator

Then,thecatggorywhichmaximizeghesumof thefilled
slotsis placedat the top of the window (i.e. the classifica-
tion with the maximumconfidencevalue). If noneof the
templatesareableto befilled (duringthe extractionphase),
thenthe news storyis giventhe statusof unclassifiechews
story. Theuserwill bepresentedvith classificationassoci-
atedconfidencevalueandextractedobjects.Oncethe user
agreegrejects)one(all) of thesuggestedlassificationand
extractedinformation, the ontologyis updatedwith a new
instance.

4. Procesanodel

Within this work, we have focusedon creatinga generic
processmodelfor eventrecognitionin news stories.In our
systemwe have devisedfour actvities: mark-up,learning,
extractionandpopulation.We will provide moredetailsof
eachof theseactiitiesin turn.

Mark-up

The activity of semantictaggingrefersto the activity
of annotatingtext documents(written in plain ASCII or
HTML) with a setof tagsdefinedin theontology In partic-
ular, we work with aKMi hand-craftedntology Our clas-
sificationsystemprovidesmeansto browsethe eventhier-
archy In this hierarchy eacheventis a classandthe an-
notationcomponentextractsthe set of possibletagsfrom
theslotsdefinedin theontology During themark-upphase,
asthetext is selectedthe systeminsertsthe relevant XML
tagsinto thedocumentOur systemalsooffersthe possibil-
ity of removing tagsfrom adocument.

Learning

This phasewas implementedby integrating two tools:
MarmotandalearningcomponentalledCrystal,bothfrom
UMass (full descriptioncan be found in [7]). Marmot is
a naturallanguagepre-processingool that acceptsASCII
files and producesan intermediatelevel of text analysis
thatis usefulfor information extractionapplications.Sen-
tencesareseparatedndsegmentednto nounphrasesyerb
phrasesndprepositionaphrasesMarmothassereralfunc-
tionalities:it preprocesseabbreiationsto guide sentence



segmentationresolhessentenceboundariesidentifiespar

entheticalexpressionsrecognizesentriesfrom a phrasal
lexicon and replacesthem, recognizesdatesand duration
phrasesperformsphrasalbracketing of noun, preposition
and adwerbial phrasesandfinally scopesconjunctionsand
disjunctions.

A secondcomponents Crystal,a dictionary induction
tool [7]. Crystalderivesadictionaryof concepthodesfrom
atrainingcorpus.Thefirst stepin dictionarycreationis the
annotatiorof asetof trainingtexts by adomainexpert.Each
phrasethat containsinformationto be extractedis tagged
(with XML tags).

Crystal initializes a conceptnode dictionary for each
positive instanceof eachtype of event. The initial concept
nodedefinitionsaredesignedo extracttherelevantphrases
in thetraininginstancehatcreategshembut aretoo specific
to apply to an unseersentencesThe main taskof Crystal
is to graduallyrelaxtheconstrainton theinitial definitions
andalsoto memge similar definitions.Crystalfinds gener
alizationsof its initial concepthodedefinitionsby compar
ing definitionsthat are similar. This similarity is deduced
by countingthenumberof relaxationgequiredto unify two
conceptnodedefinitions.Thena new definitionis created
with constraintselaxed.Finally, thenew definitionis tested
againstthe training corpusto insurethatit doesnot extract
phraseghat were not marked with the original two defini-
tions. This meansthat Crystaltakes similar instancesand
generalizesheminto amoregenerarule by preservinghe
propertiedrom eachof the conceptnodedefinitionswhich
aregeneralized.

The inductive conceptlearningin Crystalis similar to
theinductive learningalgorithmdescribedn [6] a specific-
to-generadata-drvensearchto find the mostspecificgen-
eralizationthat coversall positive instancesCrystal finds
the mostspecificgeneralizatiorthat coversall positive in-
stancesbhut usesa greedyunification of similar instances
ratherthanbreadth-firssearch.

Extraction

A third componentalledBadger(from UMass)wasalso
integratedinto our eventrecognitionsystemBadgemakes
theinstantiationof templatesThe maintaskof badgetis to
takeeachsentencén thetext andsesif it matchesny of our
concepiodedefinitions.If no extractionconcepnodedef-
inition appliesto asentencethennoinformationwill beex-
tracted:thusirrelevanttext canbe processedery quickly.

It might occursthat Badgerobtainsmorethanonetype
of eventfor anews story'. Thenour informationextraction

1 Thefirstimplementatiorof our eventrecognitionSystemwhichonly
recognizesingleevents,is describedn [11]

systemdecidesto classifythe news story accordingto the
criteriadefinedin section3.

Populating the ontology

Building domain-specifiontologiesoftenrequiregime-
consumingexpensve manualconstruction.Therefore,we
ervisageinformationextractionasa technologythat might
help us in the ontology maintenancerocess.During the
populationstep,ourinformationextractionsystermhasto fill
predefinedslotsassociatedvith eacheventalreadydefined
in the ontology Our goal is to automaticallyfill as mary
slotsaspossible However, someof the slotswill probably
still requiremanualintervention. Thereare severalreasons
for this problem:

e implicit information, e.g. thereis information that is
notstatedexplicitly in thenewsstorybutis understood
by humanreaderdrom its context,

e noneof ourpatternsnatchwith thesentencéhatmight
provide the information (incompletelibrary of pat-
terns)

The extractedinformation could be validatedusing the
ontology This is possiblebecauseeachslot of eachclass
of theontologyhasatypeassociatedavith it. Therefore ex-
tractedinformation not matchingthe type definition of the
slotin theontologycanbe highlightedasincorrect.

5. Confidencevaluesassociatedo the extrac-
tion rules

In the automaticconstructionof ontologies precisionis
moreimportantthanrecallsincewe wantto populateanon-
tology. Therefore pur goalis to obtainhigh precision.Cur-
rently, we are focusingon associatinga confidencevalue
with the Crystal-inducedulesin order to increasepreci-
sion. The confidencevaluefor eachrule wascomputedby
a three-fold cross-walidation methodologyon the training
set.Accordingto this methodologythetraining setis split
into threeequallysizedsubsetsaandthe learningalgorithm
is run threetimes. Eachtime, two of the threepiecesare
usedfor training andthe third is keptasunseendata(test
set) for the evaluationof the inducedrules. The final re-
sultis the averageover thethreeruns.At runtime, eachin-
stanceextractedby Badgerwill be assignedhe precision
valueof thatrule. Themainfeatureof usingconfidenceval-
uesis that, when presentedvith ambiguousnstantiations,
we canstill choosehe onewith the highestestimatedton-
fidence We believe thatthe confidencevaluecouldbeused
asoneway to getrid of extractionruleswhich arebelon a
giventhreshold.



6. Evaluation

We have testedour eventrecognitionsystemapplyinga
three-foldcross-alidationmethodologyln this evaluation,
we have usedstandardnetricsfor computingprecisionand
recalf

Previous work hasreportedthat spuriouspatternswere
deletedmanually from the library of rules underthe as-
sumptionthatthey werenotlikely to be of muchvalue[7].
However, as a first phasein our experiments,we did not
carry out ary deletionof spuriousrules. Overall precision
for event“visiting-a-place-orpeople”was68% andoverall
recallis 52%. The experimentalresultssuggestedhat pre-
cision could drop dramaticallyif the setof extractionrules
wereusedasgeneratedy Crystal.As secondphasen our
experiment,we associateaonfidencevalueto the extrac-
tion rules. The performanceof the event“visiting-a-place-
or-people”wasprecision90% andrecall 14%. Preliminary
resultsseemsencouragingHowever, furtherresearcmeeds
to beundertalenin thedirectionof theassociatiorof acon-
fidencelevel with the extractionrules.

7. Conclusionsand futur e work

We have built a systemwhich recognize®ventsin news
storiesandextractsknowledgeusinganontology Currently
our systemhasbeentrainedusingKMi Planet,an archive
of 200 news storiesthat we have collectedin KMi. 2 The
trainingstepwasperformedusingtypical examplesof news
storiesbelongingto eachof the differenttype eventsde-
finedin ahand-crafte@ntology Oursystenrecognizesin-
gle eventsand overlappingeventsin one document.lt is
thenableto suggest likely classificatiorfor a news story.
Currently the populationof the selectedontology is per
formed at the level of instancesOur systemextractsin-
stanceof classedefinedin the eventontology However,
in thefuture,we will explorethe possibilityof usingtheex-
tractedinformationwith Conceptool1] in orderto create
new classesn aselectedntology Thiswill allow usto re-
fine our ontologyto afiner granularity

The experimentsshaved that an automaticmechanism
wasneededn orderto determinevhich extractionrulesare
spurious We have outlinedthatthis problemcanbe solved
by associatingonfidencevaluesto the extractionrules.

2 Asaremindey precisionandrecallmetricsaredefinedasfollows:

. number of items correctly extracted
Precision =

total number of items extracted by system

number of items correctly extracted
Recall =

total number of items need to be extracted by system

3 URL:http:/kmi.open.ac.uk/platie

Currently our eventrecognitionsystemworks with the
KMi Planetontology But, in the future, we planto offer a
selectionof ontologies.
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