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ABSTRACT

This paperdescribesa SemanticAnnotationTool for extractionof

knowledge structuresirom web pagesthroughthe useof simple
userdefinedknowledgeextraction patterns.The semanticannota-
tion tool contains: an ontology-basednark-upcomponentvhich

allows the userto browse and to mark-uprelevant piecesof in-

formation; a learningcomponentCrystal from the University of

Massachusettat Amherst)which learnsrulesfrom examplesand
aninformationextractioncomponenthich extractstheobjectsand
relationbetweertheseobjects.Our final aim is to provide support
for ontology populationby usingthe informationextractioncom-
ponent.Our systemusesasdomainof study“KMi Planet”,aWeb-
basednhews sener thathelpsto communicateelevantinformation
betweermembersn our institute.

Keywords

Ontology-basedhark-up,Ontologypopulation Extractionof knowl-
edge Informationextractiontechnologies.

1. INTRODUCTION

Semanti@nnotatiorhasbeenfocusedn isolatedannotation®f
web pages. However, semanticweb tries to achieze the annota-
tion of pageswith semantidnformation. In otherwords, the aim
is to enrichthe contentof web pages. Recentwork on semantic
annotationguidedby an ontologyis discussedn [14]. However,
our approachhasa differentaim, we usethe ontologyasguiderto
the humanannotatorof the training set(ie. the useris presented
with a setof possiblegagswhich could be usedduring the mark-
up process)andthenthe systemlearnsrulesby usingthesemantic
annotationswhilstin OntoAnnotatg14] theuserselectgheobject
identifierandtheappropriatelassfor it from ahierarchyof classes.
Thenall theinformationwhichis in the Ontologyfor thatparticular
objectidentifieris presentedo the user If the objectidentifieris
notdefinedthe usercould createa new objector classrelation.

Onetargetof the systempresentedn this paperis to learnrules
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from texts by usinga machinelearningcomponentalledCrystal.
To extractrulesfrom text, we haddevelopedanervironmentwhich

allows userto performfour phases:browse, semanticannotation
of pages|earningrulesandinformationextraction(lE) of theweb

pages Eachof thesephasesredescribedsfollows:

1. Browse

This option could by usedby the userto selectthe kind of
browserin our casecould be WebOntoor ary otherbrowvser
WebOntd3] providesweb-basedisualisationprowsingand
editing supportfor the ontology It allows easierdevelop-
mentandmaintenancef theknowledgemodels themseles
specifiedn OCML (ConceptuaModelingLanguage]8].

2. The Markup phase Theactvity of semantidaggingrefers
to theactiity of annotatingext documentgwrittenin plain
ASCIl or HTML format) with an tags set definedon the
ontology in particularwe work with the hand-craftedKMi
ontology (ontology describingknowledge Media Institute).
The semanticannotatiortool providesmeansto browvsethe
eventhierarchy(describedn next section).In this hierarchy
eacheventis a classandthe annotationcomponengxtracts
the setof possibletagsfrom the slotsdefinedin eachclass.
In generamark-upprocessmight bedifficult but in our case
theannotationrcomponents guidingthe userwith the possi-
ble entitieswhich couldbe markedin thetext.

Otherapproactrelatedto our work is the SHOEKnowledge
annotatomwhichis a Java programthatallows usersto mark-
up web pageswith the SHOE ontology [5]. However, in
SHOEthereis notrelationbetweerthe nev annotationsnd
theoriginal text.

3. Learning phase Thisphaseauseshe markedtext astraining
setandlearnsrelationsfrom the stories. It usescrystalasa
learningcomponent Crystalworks usingthe bottom-upap-
proach.lt findsrulesfor specificinstancesandit generalises
theserules.

4. The information extraction phase The goal of a Infor-
mation Extractionsystem(lE) is to extract specifictypesof
information from text. For example, an IE systemin the
domainof KMi (Knowledge Media Institute) organisation,
should be able to extract the nameof KMi projects, KMi
funding organisationsawards,dates,etc. The mainadwan-
tageof IE taskis thatportionsof a text thatarenot relevant
to the domaincanbe ignored. Thereforetext could be pro-
cessedjuickly.



Most IE systemausesomeform of partial parsingto recog-
nisesyntacticconstructsvithoutgeneratingacompleteparse
treefor eachsentence.Suchpartial parsinghasthe adwan-
tagesof greaterspeedandrohbustness High speeds neces-
saryto applythelE to alargesetof documents.

IE hasbeenusedin several domainsfor instance scientific
articlessuchasMEDLINE (it containsabstract®f biomedi-
caljournals)[2], bibliographicnoticeq9], andmedicalrecords
[13]. Also, ontologieshasbeenusedin IE systemso help
themextractrelationsfrom semior unstructurediocuments,
statement®or terms[11]. Recentwork on semi-automatic
ontologyacquisitionby meansof IE, supportecby machine-
learningmethodsis describedn [6, 4]. In similarlinesthere
is the CMU’s approachor extractinginformationfrom hy-
pertext usingmachindearningtechniquegBayesclassifier)
andmakinguseof anontology[1]. However, we remarkthat
we arenot creatingan ontology we aresupportingontology
population. The ontology populationproblemis animpor-
tantissueto be addressedinceit is difficult to keepup to
datea hand-craftedntology

In our work, we hadintegratedthe hand-craftedKMi On-
tology into the informationextractor The main taskof the
ontology is to disambiguationof some extractedinforma-
tion. For instancejn the eventconferringan award“X was
grantedY amountof mong/”. X could be instantiatedto
nameof projector institution. In this casewe make useof
theontologyto clarify thetypeof X.

In the constructionof our IE componentwe hadintegrated
several componentgMarmot, Badgerand Crystal)from the
University of Massachusettat Amherst(UMass)which are
fully describedn Rillof[10]. We remarkthatin our IE com-
ponentthe templatematchingitself is supportedsemanti-
cally by referring to the ontology but also containssome
lightweightNLP techniquesn orderto syntacticallyidentify
somefragmentsof the sentencesWe believe it is important
to mix the syntacticandsemantic.The semantiacheckingis
oftennecessaryo resole ambiguities for example,ontolo-
gies can provide us with axiomsof commonsenseknowl-
edgesuch“if someonas visiting a placethenthis someone
shouldbe a persor. Corversely somegrammarconstruc-
tions(suchasdates)canberecognizedobustly.

Figurelillustratesthefour phasesin particulada brovsephase
hasbeenlaunched.

Ourprimarycontributionis to integratea template-drien|E en-
gine with anontologyengine(includinginferencecapabilitiesbe-
sideslexicons suchas Wordnet)in orderto supplythe necessary
semanticcontentandthento disambiguateextractedinformation
andfinally our secondcontrikution is to provide supportfor the
ontologypopulationprocess.

The paperis organisedasfollows: In Section2 we present ty-
pology of two eventsasare definedin KMi ontology Section3
presentghe mark-upphase. Section4 shaws the learningphase
usingCrystal. Section5 presentghe extractionof informationus-
ing Badger Section6 describeghe useof ontologyto copewith
theambiguityin theidentificationof objectsin the story Section7
shavs the OCML ! codegeneratedafter badgerobtainstemplate
instantiations Section8 discusseshe procesf populatinganon-
tology asanactiity in thelife cycle of the ontologyconstruction.
Finally, Section9 givesconclusionsanddirectionsfor futurework.
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Figure 1: Systemoverview

2. EVENT TYPOLOGY

KMi ontologyconsistsof KMi projects,peoplein KMi, events,
etc. In particularwe will focusin a sectionof the KMi ontology
calledevents(actiities happeningn our Institute). The eventsare
definedformally in our ontologyasclassesCurrently in our KMi
ontologywe have defined40 differenttypesof events.As theevent
typology is alreadydefinedin the KMi ontology Then,for each
eventwe alreadyhaddefinedthe slotswhich might beinstantiated
by the IE componentFigure2 shavs a portionof the hierarchyof
eventsasdefinedin KMi ontology

For the sale of space,we only presentthe structureof three
typeof eventsfrom theeventhierarchy:visiting-a-place-opeople,
conferring-a-monetaryweard anddemonstration-of-technology

Class Event 1: visiting-a-place-or-people

sl ots:

visitor (list of person(s))

peopl e- or - or gani sati on- bei ng-vi sited
(list of person(s) or organization)

has-duration (duration)

start-time (time-point)

end-tine (time-point)

has-1ocation (a place)

ot her agents-involved (list of person(s))

mai n-agent (list of person(s))

Thestructureof Event1 (visiting-a-place-oipeople)describes
setof objectswhich might be encounteredn story describingan
event visit, suchas, visitor, people-oforganisation-being-visited,
otheragents-imolved, etc.

Cl ass Event 2: conferring-a-nonetary-award
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Figure 2: Event hierarchy

slots:

nonetary award (sum of noney)
has-durati on (duration)

start-time (time-point)

end-tine (tine-point)

has-l ocation (a place)

mai n-agent (list of person(s))

ot her agents-involved (list of person(s))
|l ocation-at-start (a place)

| ocation-at-end (a place)

awar di ng- body (an organi zati on)
has-award-rati onal e (project goals)

In the event 2 the valuefor the slot has-award-rationaleis ex-
tractedfrom text by usingheuristicssuchasif the word goal ap-
pearsin the storythenthe systemwill extractasrationalethe sen-
tenceuntil it finds full stop. The reasonfor this is becauses to
generalto be learnedby an IE component.Ilt doesnot follow ary
grammarule abouthow therationalecouldbe expressedby ajour-
nalistwho writes anstorydescribinga projects award.

Cl ass Event 3: denonstration-of -technol ogy

t echnol ogy- bei ng- denostrat ed (technol ogy)
has-duration (duration)

start-time (time-point)

end-tine (time-point)

has-1 ocation (a place)

ot her agents-involved (list of person(s))
mai n-agent (list of person(s))

|l ocation-at-start (a place)

| ocation-at-end (a place)

medi um used (equi prent)

subj ect-of -the-deno (title)

Event 3 containsthe structurefor the event “demonstration-of-
technology”. Entities that needto be recognisecdare technology
placeetc.

3. MARK-UP PHASE

The mark-upcomponengimsto help the manualannotatiorof
web pages.In this componenthe ontology playsa importantrole
guidingthe mark-upprocessTheuserdoesnotknow whichis the
relevantinformationwhich mightbeannotatedThereforewe con-
siderthatis usefulto have a suchtool that presentsiserwith pos-
siblestags. An exampleof annotatedstory is shavn in Figure 4.
The userselectsan specificclasson the hierarchyof events, for
example,"visiting-a-place-ofpeople”. Thena setof possiblesags
is presentedo the userfor the event “visiting-a-place-oipeople”.
Thesetof tagsare: has-durationstart-time gend-time has-location,
otheragents-imolved, main-agentyisitor, people-oforganisation-
being-visited. From this setthe usercould selecta subsebf tags
andthenautomaticallya templatefor the event “visiting-a-place-
or-people”is created. The createdtemplateis usedlater by the
componenwhich male instantiationsof templategBadger).Fig-
ure 3 shavs the userselection.In this particularexamplethe user
only selectsstart-time end-time has-locatiorandvisitor.
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Figure 3: Selectionof tags

For the sale of space /et usassumehatthe userannotateshe
storywith two tags:visitor andplacefrom theselectedet. Figure4
shavs thesemanti@nnotationsvhich automaticallyareinsertedn
thetext. In the story David Brown wasannotatedasvisitor and
The OU is annotatedsplace.

4. LEARNING PHASE

This phasewas implementedby integrating two tools Marmot
andthelearningcomponentalledCrystalbothfrom Umass.

A brief descriptionof Marmot (a text preprocessoris giving
beforethelearningcomponentrystalis presented.



Figure 4: Annotated story

4.1 Marmot

Marmot (from UMass)is a naturallanguagepreprocessingpool
thatacceptsASCII files andproducesanintermediatdevel of text
analysisthat is useful for IE applications. Sentencesre sepa-
ratedandseggmentednto nounphrasesyerb phrasegprepositional
phrases.

Marmot hasseveral functionalities: preprocesseabbreiations
to guidesentenceeggmentationresohessentenceboundariesiden-
tifies parentheticabxpressionsrecognisesntriesfrom a phrasal
lexicon and replacethem, recogniseslatesand durationphrases,

performsphrasabracletingof noun,prepositiorandadverbialphrases,

finally scopesonjunctionsanddisjunctions.

We haddefinedour own verbs,nouns abbreiationsandtagsin
orderto apply Marmotto our KMi domain. For the sale of space
we would analyseonly the first threesentence the story given
in Figureb.

In the first sentenceMarmot recognisedwo entitiesfirstly a
subject(SUBJ)which is JOHN DOMINGUE andsecondlya date.
Thelatestisrecognise@ndmarkedbetweerthesymbol*@”. Dates
arerecognisedobustly asregularexpressions.

SUBJ(1): JOHN DOM NGUE
ADVP(2): @\ED %COWMA% 15 OCT_1997@
PUNC(3): 9%ERI OD%

In sentencenumber2, DAVID BROWN is recognisedas sub-
ject(SUBJ),aprepositionaphrasgPP)“FOR INDUSTRY” is en-
countertheverb(VB) VISITS is alsofound,OBJ1takesthevalue

of THE OU andfinally a punctuationsymbol (PUNC)is the full
stopis encountereatthe endof the sentence.

SUBJ(1): DAVI D BROWN %COMVA% UNI VERSI TY
PP (2): FOR | NDUSTRY

VB (3): VISITS

OBJ1(4): THE QU

PUNC(5): %PERI OD%

In the samefashion,in sentenceaumber3, DAVID BROWN is
recognisedssubjecttheword VISITED is recognisedsverband
OBJlasTHE OU.

SUBJ(1): DAVI D BROAN %COMMA% THE CHAI RVAN OF
THE UNI VERSI TY

PP (2): FOR I NDUSTRY DESI GN AND | MPLEMENTATI ON
ADVI SORY GROUP AND CHAI RVAN OF MOTCOROLA
PUNC(3) :  %0OMVA%

VB (4): VISITED

BJ1(5): THE QU

4.2 Crystal

Crystalis a dictionaryinductiontool. It derivesa dictionaryof
concepinode(CN) from atraining corpus.Thefirst stepin dictio-
narycreationis theannotatiorof a setof trainingtexts by adomain
expert. Eachphrasethat containsinformationto be extractedis
taggedwith SGML styletags).

Crystalinitialisesa CN dictionaryfor eachpositive instanceof
eachtype of event. Theinitial CN definitionsare designedo ex-
tractthe relevant phrasesn the training instancethat createghem



Figure5: Marmot output

but aretoo specificto applyto aunseersentencesThemaintaskof
Crystalis to graduallyrelaxthe constraint®ntheinitial definitions
andalsoto meige similar definitions.

Crystalfindsgeneralisationsf its initial CN definitionsby com-
paring definitionsthat are similar. This similarity is deducedby
countingthe numberof relaxationsrequiredto unify two CN def-
initions. Thena new definitionis createdwith constraintgelaxed.
Finally the new definition is testedagainstthe training corpusto
insurethatit doesnot extract phraseghat were not marked with
the original two definitions. This meanghat Crystaltakes similar
instancesndgeneralisesto amoregeneratule by preservinghe
propertiesfrom eachof the CN definitionswhich aregeneralised.

Theinductive concepiearningin Crystalis similarto theinduc-
tive learningalgorithmdescribedn [7] a specific-to-generadata-
driven searchto find the most specificgeneralisatiorthat covers
all positive instancesCrystalfindsthemostspecificgeneralisation
that coversall positive instancesut usesa greedyunification of
similar instancesatherthanbreadth-firssearch.

Comingbackto ourexampleDavid Brown’s story We have that
Crystallearnsaconceptuahodesuchastheoneshavnin Figure?.

Theseconceptualnode statesthat “X visited”. Sothatin the
futurewheneerthepattern“X visited” appearsn thetext thecase
framewill extract“X” asthevisitor.

For the patternX visited Y, we basicallyareextractingrelations
r(X,Y) from texts which couldbeinterpretedas“X visitedY” and
the Lexicon for relationr is the union of the lexicon(X) andlexi-
con(Y).If we find this relationin our texts thenwe find ainstance
for theevent“visiting-a-place-ofpeople”.

In this examplewe do not have the casethattwo differenttem-
platesmight apply to the samesentence But it is possibleto en-
counterthesecases.Let us considerthe following examplefrom
theMUC domain(the MUC domainis a setof documentslescrib-

Figure 6: Crystal output

ing terroristactvitiesin Latin America):

“A visitor from Colombiawashurtwhentwo terroristsattempted
to kill themajor”.

if visitor from Colombia is markedasvictim two terrorist are
marked asperpetratorandmajor asvictim.

Crystalgenerate8 framecaseshatrepresentthefollowing pat-
terns:

If atext containsthe expressionX washurt” thenthe system
extracts“X” asthevictim.

If atext containsthe expression'X attemptedo kill” thenthe
systemextracts“X” asperpetratar

If thetext containsthe expressiorfattemptedto kill Y” thenthe
systemextracts"Y” asthevictim.

In recentyearshadbeengreatinterestin annotated-basetch-
niguesfor producingautomaticallydictionaries . Thereasorfor this
is that automaticcreationof conceptualdictionariesis important
factorfor portability andscalabilityof anIE system.

Crystalhasheentestedon corpusof 300 KMi stories. Crystal
wasableto inducea dictionaryof CN definitionsfor eacheventin
KMi ontology

5. EXTRACTION PHASE

A third componentalledBadger(from UMass)which wasalso
integratedinto our IE component.

Badgermalkesthe instantiationof templates.The main task of
badgeris to take eachsentenceén thetext (in our casea storywrit-
tenin ae-mailmessageandseeif it matchesary of our CN defini-
tions. If no extractionCN definitionappliesto a sentencethenno
informationwill beextracted;this meanghatirrelevanttext canbe
processedery quickly.

It might occursthatBadgerobtainsmorethanonetype of event
for anstory Thenour IE systemdecidesto classifythe story ac-



Verb: visited (active verb)

Visitor: V (class_person)

Has-location: P (class_place)

Start-time: ST (class time_point)

End-time: ET (class time_point)

Has-duration: D (class duration)

Figure 7: Conceptnodefor the visiting event

cordingwith thefollowing criteria: how mary featurefor eachtype
wereencountereth thestory

Badgerobtaineda caseframe instantiationsfor Placeand Vis-
itor using conceptuahodesdefinedin the dictionary constructed
by Crystal. In the Badgers outputthefollowing cornventionswere
used:thenameof theslotappearsn theleft handsideof thearrov
andthe value for the slot on the right handside of the arrav. In
David Brown story, Badgerinstantiated?laceto The OU andvisi-
tor to David Brown. The type of eventis obtainedfrom the value
of TypeandthedocumentD from docid.

Theoutputshovn in Figure8 meanghatBadgeradinstantiated
(usingthe CN definitionsand domainlexicon) to a frame of the
form:

Concept Node:
CN-type: visiting-a-place-or-people
Slots:
Vi sitor tag: WV
Start-time tag: ST
End- Ti ne tag: ET
Pl ace tag: PL

Research-group tag: GR

Dateis not statedin the story So Start-timeand End-timeare
instantiatedo the datein which the storywaswritten.

6. INFERENCE CAPABILITIES BY USING
AN ONTOLOGY

An exampleof anstorybelongingto thetypeof eventconferring-
a-monetary-aardis definedasfollows. This exampleis described
in this paperbecausehawvs the inferencecapabilitieswhich could
be obtainedrom usinganE componenplusanontology

IBROW hasbeenawardedl million Ecufrom the Eu-
ropeanCommissiorto carryoutresearclin theareaof
knowledge-basedystems.

Theoutputfrom Badgeris shavn asbelow.

Figure 8: Badger output

<cn>l D: 80 Type: conferring-a-nonetary-award

docid = ibrowstory
sentence_num = 1
segnent _num = 1

Funder ==> PP: FROM THE EUROPEAN COWM SSI ON
</ cn>

<cn>|I D: 106 Type: conferring-a-nonetary-award

docid = ibrowstory
sentence_num = 1

segnment _num = 1

Money ==> OBJ1: 1 MLLION ECU
</ cn>

<cn>lI D: 24 Type: conferring-a-nonetary-award

docid = ibrowstory

sentence_num = 1

segnment _num = 1
Project-Institution ==> SUBJ: | BROW
</cn>

In this lastexample,we needto usethe KMi planetontologyto
find if Project-Institutioris ainstitution nameor a project name,
andthis is doneby a simple traversalof the inheritancelinks in
theontology Specifically to remove ambiguitywe senta queryto
Web-ontoaskingfor the setof all educational-ayanizationsusing
thefollowing querycode.

web-ont o di spl ay akt-km -pl anet - kb
ocm -eval (setofall ?x
(educati onal - organi zati on ?x))

This givesalist containingall educational-aganizations:



to give @the-open-university
or g- knowl edge- nedi a-i nstitute)

IBROW doesnot matchary of these however, we alsosenda
gueryto Web-ontoaskingfor the setof all kmi-projects:

web-onto di spl ay akt-km -pl anet-kb
ocnl - eval (setofall ?x
(km -project ?x))

yielding
to give @project-d3e
|-o.r6j ect - km - pl anet
|-o.r6j ect-ibrow
pr 6j ect - her onsgat e- mar s- buggy)

andhencea matchof “IBROW” to project-ibrav
In asimilar fashiona queryis sentto webontoin orderto find if
Funderis avalid funderbody

web-onto di spl ay akt-km -pl anet-kb
ocm -eval (setofall ?x
(awar di ng- body ?x))

to give @
or g- eur opean- comm ssi on
org-british-council)

At sametime somesemantic relations could be obtainedby
usingtheKMi planetontology For our exampleaboutiBROW we
canderive thefollowing semantiaelations:

“ibrow isKMi project’and“KMi is part-oftheOpen-Unversity”

The OCML queryto derive thatKMi is partof the openuniver-
sity is asfollows:

web-ont o di spl ay akt-km -pl anet-kb

ocm -eval (setofall ?x
(organi zati on-uni t-part-of ?x
t he- open-uni versity))

to give @know edge-nedi a-institute
acad-uni t-departnent - of -eart h-sci ence
acad-unit-department-of-statistics-ou
acad- uni t-facul ty-of - mat hs- and- conputi ng- ou

;).r é- of fi ce-for-technol ogy-devel opnent)

thereforewe could concludethat:

“the Open-Unversity hasheenawardedl million Ecufrom the
EuropearCommission”

In afutureimplementatiorwe will beinterestedn findingmore
comple relationsby usingour KMi Planetontology

Finally, we remarkthat OCML (the querylanguagaisedby we-
bonto) has adoptedthe closedworld assumption(CWA), in the
samefashionasProlog,andso factsthat are not provable arere-
gardedas“false”asopposedo “unknown”.

7. OCML CODE GENERATED FROM OUR
SYSTEM

Our goalis to usetheinformationobtainedby BadgerandKMi
ontologyin orderto be ableto populateour KMi ontology with
new instance®f classes.In orderto accomplishthis taskwe had
pluggedanothercomponentwhich is a translatorfrom Badgers
outputto OCML code. The main function of this translatoris to
tokenisethe Badgeroutputand thenfind the CN definitions(cn
markers)andextract all the objectsencounteredn the story The
nameof eachslotin theframecasecorrespondso the nameof the
field in theclassdefinitionandthevaluefor thefield is theextracted
information.

For theexampleDavid Brown’s storywe endup with avisiting-
a-place-oipeopleeventandproducetheintermediateoutput:

(def-instance visit-of-david-brown-
t he- chai r man- of -t he-uni versity
vi si ting-a-pl ace-peopl e
((bhas-duration 1-day)
(start-tinme wed-15-oct-1997)
(end-tine wed-15-oct-1997)
(has-location the-ou )
(visitor david-brown-the-
chai r man- of -t he- uni versity)

where an instanceof the type event visiting-a-place-oipeople
hasbeendefinedwith thename'visit-of-david-brovn-the-chairman-
of-the-unversity”.

8. POPULATING THE ONTOLOGY

Building domain-specifiontologiesoftenrequiresime-consuming
expensve manualconstruction. Thereforewe ernvisagelE as a
technologythat might help us during ontology maintenancepro-
cess. During the populationstepour IE systemhasto fill prede-
fined slots associatedvith eachevent, asalreadydefinedthe on-
tology. Our goalis to automaticallyfill asmary slotsaspossible.
However, someof theslotswill probablystill requiremanualinter
vention. Thereareseveralreasongor this problem:

thereis informationthatis not statedn thestory

noneof our templatesmatchwith the sentencehat might
provide theinformation(incompletesetof templates)

We notethat there are somecaseswhen the instancesare not
definedin theontologyandthendetermininghetypeof anobjectis
notstraightforvard. This hasto bederivedfrom aproof. Currently
we still looking to this aspecbf ourresearch.

Figure 9 shavs the extractedinformation from David Brown
story.

Oncethesystemhadextractedtheinformationtheuserwill pre-
sentedwith all extractedinformation even the onethat cannotbe
categyorizedasbelongingto a type of objectdefinedin ourdomain.
Therefore,before populatingthe ontology we will requirethata
personcheck/complet¢he extractedinformation.

9. CONCLUSIONS AND FUTURE DIREC-
TIONS

We hadbuilt atool which extractsknowledgeusinganontology
anlE componenandOCML translator Currently our systemhad



Figure 9: Extracted information

beentrainedusingthe archive of 300 storiesthatwe hadcollected
in KMi. 2 Thetrainingstepwasperformedusingtypical examples
of storiesbelongingto eachof the differenttype eventsdefinedin

the ontology We obtainedresultsover 95% usingthe IE compo-
nentin KMi stories. However, in the future we would like to use
thelE componentn adifferentdomain.We areinterestedn using
our systemin companiegrojectreports,CurriculumVitae (CV'’s),
or applicationof jobs.

Another possibledirection that we would like to explore is to
incorporateinto the IE componenta different Machine Learning
algorithm suchasdescribedn [12]. in orderto compareperfor
mancebetweerthem.

As mediumtermgoal,we would lik e to have accesdo alibrary
of IE methodsandto activatetheseover awebpageor acollection
of webpages.

Besideghe above issuesBadgercould be extendedin orderto
save its outputin XML (ExtensibleMarkup Language).This will
increasethe portability of our IE systemas XML is the universal
formatfor structureddocumentsanddataon the Weh

Finally, we would like to integrateour IE componentwith vi-
sualisationcomponent. This visualisationcomponentwill allow
visualisationof all entitiesextracted.
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