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Abstract

This paperdescribesa systemwhich recognizesevents
onnewsstories.Our systemclassifiesstoriesandpopulates
a hand-craftedontology with new instancesof classesde-
fined in it. Currently, our systemrecognizeseventswhich
can be classifiedas belongingto a singlecategory and it
alsorecognizesoverlappingeventswithin onearticle (more
thanoneeventis recognized).In each case, thesystempro-
videsa confidencevalueassociatedto the suggestedclas-
sification.Our systemusesInformationExtractionandMa-
chineLearningtechnologies.Thesystemwastestedusinga
corpusof 200 news articles from an archive of electronic
news stories describingthe academiclife of the Knowl-
edge Media (KMi). In particular, thesenews stories de-
scribeeventssuch as a project award, publications,visits,
etc.)

1. Intr oduction

This paperfocuseson the problem of semi-automatic
populationof anontology. Our approachis basedon Infor-
mationExtractionandMachineLearningtechnologies.Es-
sentially, informationextractioncanbe seenasthe taskof
pulling predefinedrelationsfrom texts. Efforts have been
madeto apply information extraction to several domains,
for instance,scientificarticlessuchasMEDLINE [3] and
medicalrecords[9]. In designinganinformationextraction
systemfor KMi, the systemshouldbe able to extract the
nameof KMi projects,KMi fundingorganizations,awards,
dates,etc andignoreanything not clearly relevant to these
pre-specifiedcategories.Ontologiescanbeusedin informa-
tion extractionsystemsto help themextract relationsfrom
semi-or unstructureddocuments,statementsor terms[8].
Also, recentwork on semi-automaticontologyacquisition

by meansof informationextraction,supportedby machine-
learningmethods,is describedin [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
constructswithoutgeneratingacompleteparsetreefor each
sentence.Suchpartialparsinghastheadvantagesof greater
speedandrobustness.High speedis necessaryto applythe
informationextractionto a largesetof documents.Thero-
bustnessachievedby allowing usefulwork to bedonefrom
a partial parsingis essentialto dealwith unstructuredand
informal texts.

Themaincontributionsof our papercanbesummarized
as1) identificationof eventsin newsstoriesby meansof In-
formationExtractionandMachineLearningtechnologyand
2) semi-automaticpopulationof a selectedontology.

The paperis organizedasfollows: Section2 shows the
event topologyusedin our event recognitionsystem.Sec-
tion 3 describestheclassificationof newsstories.Section4
presentstheprocessmodelin oursystem.Section5 presents
the assignationof confidencevaluesto the rulesextracted
usingCrystal.Section6 presentstheevaluationcarriedout
using the KMi archive of news stories.Finally, Section7
givesconclusionsanddirectionsfor futurework.

2. Event topology

KMi planetis an newslettercoveringeventsandactivi-
tiestakingplaceatKMi. Eventsaredefinedformally in our
ontologyasclasses.Currently, theKMi ontologydefines40
differenttypesof events.Firstly, the event topologyis de-
fineddirectly in the ontology. Then,for eachevent,we al-
readyhave definedtheslotswhich might beinstantiatedby
aninformationextractioncomponent.For thesakeof space,
we only presentthe structureof one type of eventsfrom



the event hierarchy, this is the (visiting-a-place-or-people)
eventtype.

ClassEvent:visiting-a-place-or-people
slots:
visitor (list of person(s))
people-or-organisation-being-visited
(list of person(s)or organization)
has-duration(duration)
start-time(time-point)
end-time(time-point)
has-location(aplace)
otheragents-involved
(list of person(s))
main-agent(list of person(s))

The structureof event visiting-a-place-or-peopledescribes
asetof objectswhichmightbeencounteredin anewsstory
describingavisit event,e.g.visitor, people-or-organisation-
being-visited,otheragents-involved.

3. Classificationof newsstories

The main processin the classificationis to take each
sentencein the text (in our casea news story andseeif it
matchesany of our domain-specificlearnedpatterns.If no
patternappliesto asentence,thennoinformationwill beex-
tracted;thismeansthatirrelevanttext canbeprocessedvery
quickly.

We classifynews storiesor documentsasbelongingto
any of the typesof eventsaccordingto theobjectsthatare
foundin them.For eacheventtype,wehavepredefinedob-
jectsthat shouldbe found in a news story coveringevents
of thattype.For instance,for theevent“visiting-a-place-or-
people”thesystemmightencounterobjectsof type:visitor,
placeanddate.

In our system,classificationis performedin the follow-
ing steps:

� pre-processa newsstory
� find theobjectsin a newsstoryusingpartialparsing
� provide classificationof a news story with associated

confidencevalue

Eacheventin our systemhasseveralpatternswhich can
be usedto recognizeit. For instance,in the caseof the
“visiting-place-or-people” event, someif the patternsen-
counteredwere”X visitedY”, ”X visits Y” and”Y visited
by X” whereX is a personandY is a place/institution.

Problemsmight occurwhenmorethanoneevent is de-
scribedin a news story. In this case,our systemdecidesto
classifythenewsstoryaccordingto thefollowing criteria:

theconfidencevalueis computedasthenumberof slots
thesystemwasableto extractdividedby the total number

of slotsthatanannotator/expertusedduringtheannotation
processon any newsstoryfrom a givenclass.

The confidenceof classificationinto a given class is
shown below.
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wheren is thenumberof itemsextractedandm is thenum-
berof slotsusedby annotator.

Then,thecategorywhichmaximizesthesumof thefilled
slotsis placedat the top of the window (i.e. the classifica-
tion with the maximumconfidencevalue). If noneof the
templatesareableto befilled (duringtheextractionphase),
thenthenews story is giventhestatusof unclassifiednews
story. Theuserwill bepresentedwith classification,associ-
atedconfidencevalueandextractedobjects.Oncetheuser
agrees(rejects)one(all) of thesuggestedclassificationsand
extractedinformation,the ontologyis updatedwith a new
instance.

4. Processmodel

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

Mark-up

The activity of semantictagging refers to the activity
of annotatingtext documents(written in plain ASCII or
HTML) with asetof tagsdefinedin theontology. In partic-
ular, we work with a KMi hand-craftedontology. Our clas-
sificationsystemprovidesmeansto browsethe eventhier-
archy. In this hierarchy, eachevent is a classand the an-
notationcomponentextractsthe setof possibletagsfrom
theslotsdefinedin theontology. Duringthemark-upphase,
asthetext is selected,thesysteminsertstherelevantXML
tagsinto thedocument.Oursystemalsooffersthepossibil-
ity of removing tagsfrom a document.

Learning

This phasewas implementedby integrating two tools:
MarmotandalearningcomponentcalledCrystal,bothfrom
UMass(full descriptioncan be found in [7]). Marmot is
a naturallanguagepre-processingtool that acceptsASCII
files and producesan intermediatelevel of text analysis
that is useful for informationextractionapplications.Sen-
tencesareseparatedandsegmentedinto nounphrases,verb
phrasesandprepositionalphrases.Marmothasseveralfunc-
tionalities: it preprocessesabbreviationsto guidesentence
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segmentation,resolvessentencesboundaries,identifiespar-
entheticalexpressions,recognizesentriesfrom a phrasal
lexicon and replacesthem, recognizesdatesand duration
phrases,performsphrasalbracketing of noun,preposition
andadverbial phrasesandfinally scopesconjunctionsand
disjunctions.

A secondcomponentis Crystal,a dictionary induction
tool [7]. Crystalderivesa dictionaryof conceptnodesfrom
a trainingcorpus.Thefirst stepin dictionarycreationis the
annotationof asetof trainingtextsbyadomainexpert.Each
phrasethat containsinformation to be extractedis tagged
(with XML tags).

Crystal initializes a conceptnode dictionary for each
positive instanceof eachtypeof event.The initial concept
nodedefinitionsaredesignedto extracttherelevantphrases
in thetraininginstancethatcreatesthembut aretoospecific
to apply to an unseensentences.The main taskof Crystal
is to graduallyrelaxtheconstraintson theinitial definitions
andalso to merge similar definitions.Crystal finds gener-
alizationsof its initial conceptnodedefinitionsby compar-
ing definitionsthat are similar. This similarity is deduced
by countingthenumberof relaxationsrequiredto unify two
conceptnodedefinitions.Thena new definition is created
with constraintsrelaxed.Finally, thenew definitionis tested
againstthetrainingcorpusto insurethat it doesnot extract
phrasesthat werenot markedwith the original two defini-
tions. This meansthat Crystal takessimilar instancesand
generalizestheminto amoregeneralruleby preservingthe
propertiesfrom eachof theconceptnodedefinitionswhich
aregeneralized.

The inductive conceptlearningin Crystal is similar to
theinductive learningalgorithmdescribedin [6] a specific-
to-generaldata-drivensearchto find themostspecificgen-
eralizationthat coversall positive instances.Crystal finds
the mostspecificgeneralizationthat coversall positive in-
stancesbut usesa greedyunification of similar instances
ratherthanbreadth-firstsearch.

Extraction

A thirdcomponentcalledBadger(from UMass)wasalso
integratedinto oureventrecognitionsystem.Badgermakes
theinstantiationof templates.Themaintaskof badgeris to
takeeachsentencein thetext andseeif it matchesany of our
conceptnodedefinitions.If noextractionconceptnodedef-
inition appliesto asentence,thennoinformationwill beex-
tracted:thusirrelevanttext canbeprocessedveryquickly.

It might occursthatBadgerobtainsmorethanonetype
of eventfor a news story1. Thenour informationextraction

1 Thefirst implementationof oureventrecognitionSystem,whichonly
recognizessingleevents,is describedin [11]

systemdecidesto classify the news story accordingto the
criteriadefinedin section3.

Populating the ontology

Building domain-specificontologiesoftenrequirestime-
consumingexpensive manualconstruction.Therefore,we
envisageinformationextractionasa technologythatmight
help us in the ontology maintenanceprocess.During the
populationstep,ourinformationextractionsystemhastofill
predefinedslotsassociatedwith eacheventalreadydefined
in the ontology. Our goal is to automaticallyfill asmany
slotsaspossible.However, someof theslotswill probably
still requiremanualintervention.Thereareseveral reasons
for this problem:

� implicit information,e.g. thereis information that is
notstatedexplicitly in thenewsstorybut is understood
by humanreadersfrom its context,

� noneof ourpatternsmatchwith thesentencethatmight
provide the information (incompletelibrary of pat-
terns)

The extractedinformationcould be validatedusingthe
ontology. This is possiblebecauseeachslot of eachclass
of theontologyhasa typeassociatedwith it. Therefore,ex-
tractedinformationnot matchingthe typedefinition of the
slot in theontologycanbehighlightedasincorrect.

5. Confidencevaluesassociatedto the extrac-
tion rules

In theautomaticconstructionof ontologies,precisionis
moreimportantthanrecallsincewewantto populateanon-
tology. Therefore,our goalis to obtainhigh precision.Cur-
rently, we are focusingon associatinga confidencevalue
with the Crystal-inducedrules in order to increasepreci-
sion.Theconfidencevaluefor eachrule wascomputedby
a three-foldcross-validation methodologyon the training
set.Accordingto this methodology, thetrainingsetis split
into threeequallysizedsubsetsandthe learningalgorithm
is run threetimes.Eachtime, two of the threepiecesare
usedfor training andthe third is kept asunseendata(test
set) for the evaluationof the inducedrules. The final re-
sult is theaverageover thethreeruns.At run time,eachin-
stanceextractedby Badgerwill be assignedthe precision
valueof thatrule.Themainfeatureof usingconfidenceval-
uesis that,whenpresentedwith ambiguousinstantiations,
we canstill choosetheonewith thehighestestimatedcon-
fidence.We believethattheconfidencevaluecouldbeused
asoneway to get rid of extractionruleswhich arebelow a
giventhreshold.
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6. Evaluation

We have testedour eventrecognitionsystemapplyinga
three-foldcross-validationmethodology. In this evaluation,
wehaveusedstandardmetricsfor computingprecisionand
recall2

Previous work hasreportedthat spuriouspatternswere
deletedmanually from the library of rules under the as-
sumptionthat they werenot likely to beof muchvalue[7].
However, as a first phasein our experiments,we did not
carry out any deletionof spuriousrules.Overall precision
for event“visiting-a-place-or-people”was68%andoverall
recall is 52%.Theexperimentalresultssuggestedthatpre-
cisioncoulddropdramaticallyif thesetof extractionrules
wereusedasgeneratedby Crystal.As secondphasein our
experiment,we associatedconfidencevalue to the extrac-
tion rules.The performanceof the event“visiting-a-place-
or-people”wasprecision90%andrecall14%.Preliminary
resultsseemsencouraging.However, furtherresearchneeds
to beundertakenin thedirectionof theassociationof acon-
fidencelevel with theextractionrules.

7. Conclusionsand futur e work

We havebuilt a systemwhich recognizeseventsin news
storiesandextractsknowledgeusinganontology.Currently,
our systemhasbeentrainedusingKMi Planet,an archive
of 200 news storiesthat we have collectedin KMi. 3 The
trainingstepwasperformedusingtypicalexamplesof news
storiesbelongingto eachof the different type eventsde-
finedin ahand-craftedontology. Oursystemrecognizessin-
gle eventsand overlappingevents in one document.It is
thenableto suggesta likely classificationfor a news story.
Currently, the populationof the selectedontology is per-
formed at the level of instances.Our systemextracts in-
stancesof classesdefinedin the event ontology. However,
in thefuture,wewill explorethepossibilityof usingtheex-
tractedinformationwith Conceptool[1] in order to create
new classesin a selectedontology. Thiswill allow usto re-
fineourontologyto afinergranularity.

The experimentsshowed that an automaticmechanism
wasneededin orderto determinewhichextractionrulesare
spurious.We have outlinedthat this problemcanbesolved
by associatingconfidencevaluesto theextractionrules.

2 As areminder, precisionandrecallmetricsaredefinedasfollows:
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3 URL:http://kmi.open.ac.uk/planet/

Currently, our event recognitionsystemworks with the
KMi Planetontology. But, in thefuture,we plan to offer a
selectionof ontologies.
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