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ABSTRACT
This paperdescribesa SemanticAnnotationTool for extractionof
knowledgestructuresfrom web pagesthroughthe useof simple
user-definedknowledgeextractionpatterns.Thesemanticannota-
tion tool contains:an ontology-basedmark-upcomponentwhich
allows the user to browse and to mark-uprelevant piecesof in-
formation; a learningcomponent(Crystal from the University of
Massachusettsat Amherst)which learnsrulesfrom examplesand
aninformationextractioncomponentwhichextractstheobjectsand
relationbetweentheseobjects.Our final aim is to provide support
for ontologypopulationby usingthe informationextractioncom-
ponent.Oursystemusesasdomainof study“KMi Planet”,aWeb-
basednews server thathelpsto communicaterelevant information
betweenmembersin our institute.

Keywords
Ontology-basedmark-up,Ontologypopulation,Extractionof knowl-
edge,Informationextractiontechnologies.

1. INTRODUCTION
Semanticannotationhasbeenfocusedin isolatedannotationsof

web pages. However, semanticweb tries to achieve the annota-
tion of pageswith semanticinformation. In otherwords,the aim
is to enrich the contentof web pages. Recentwork on semantic
annotationguidedby an ontologyis discussedin [14]. However,
our approachhasa differentaim,we usetheontologyasguiderto
the humanannotatorof the training set (ie. the useris presented
with a setof possiblestagswhich couldbeusedduring themark-
upprocess),andthenthesystemlearnsrulesby usingthesemantic
annotations,whilst in OntoAnnotate[14] theuserselectstheobject
identifierandtheappropriateclassfor it from ahierarchyof classes.
Thenall theinformationwhichis in theOntologyfor thatparticular
objectidentifier is presentedto the user. If the objectidentifier is
notdefinedtheusercouldcreatea new objector classrelation.

Onetargetof thesystempresentedin this paperis to learnrules
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from texts by usinga machinelearningcomponentcalledCrystal.
To extractrulesfrom text, wehaddevelopedanenvironmentwhich
allows userto performfour phases:browse,semanticannotation
of pages,learningrulesandinformationextraction(IE) of theweb
pages.Eachof thesephasesaredescribedasfollows:

1. Browse

This option could by usedby the userto selectthe kind of
browserin ourcasecouldbeWebOntoor any otherbrowser.
WebOnto[3] providesweb-basedvisualisation,browsingand
editing supportfor the ontology. It allows easierdevelop-
mentandmaintenanceof theknowledgemodels,themselves
specifiedin OCML (ConceptualModelingLanguage)[8].

2. The Markup phase. Theactivity of semantictaggingrefers
to theactivity of annotatingtext documents(written in plain
ASCII or HTML format) with an tags set definedon the
ontology, in particularwe work with the hand-craftedKMi
ontology(ontologydescribingKnowledgeMedia Institute).
Thesemanticannotationtool providesmeansto browsethe
eventhierarchy(describedin next section).In this hierarchy
eachevent is a classandtheannotationcomponentextracts
thesetof possibletagsfrom theslotsdefinedin eachclass.
In generalmark-upprocessmightbedifficult but in ourcase
theannotationcomponentis guidingtheuserwith thepossi-
bleentitieswhich couldbemarkedin thetext.

Otherapproachrelatedto our work is theSHOEKnowledge
annotatorwhich is aJavaprogramthatallows usersto mark-
up web pageswith the SHOE ontology [5]. However, in
SHOEthereis not relationbetweenthenew annotationsand
theoriginal text.

3. Learning phase. Thisphaseusesthemarkedtext astraining
setandlearnsrelationsfrom thestories. It usescrystalasa
learningcomponent.Crystalworksusingthebottom-upap-
proach.It findsrulesfor specificinstancesandit generalises
theserules.

4. The information extraction phase. The goal of a Infor-
mationExtractionsystem(IE) is to extract specifictypesof
information from text. For example,an IE systemin the
domainof KMi (KnowledgeMedia Institute) organisation,
shouldbe able to extract the nameof KMi projects,KMi
funding organisations,awards,dates,etc. The main advan-
tageof IE taskis thatportionsof a text thatarenot relevant
to the domaincanbe ignored. Thereforetext could bepro-
cessedquickly.



Most IE systemsusesomeform of partialparsingto recog-
nisesyntacticconstructswithoutgeneratingacompleteparse
treefor eachsentence.Suchpartial parsinghasthe advan-
tagesof greaterspeedandrobustness.High speedis neces-
saryto applytheIE to a largesetof documents.

IE hasbeenusedin severaldomains,for instance,scientific
articlessuchasMEDLINE (it containsabstractsof biomedi-
caljournals)[2], bibliographicnotices[9], andmedicalrecords
[13]. Also, ontologieshasbeenusedin IE systemsto help
themextractrelationsfrom semior unstructureddocuments,
statementsor terms[11]. Recentwork on semi-automatic
ontologyacquisitionby meansof IE, supportedby machine-
learningmethods,is describedin [6, 4]. In similar linesthere
is theCMU’s approachfor extractinginformationfrom hy-
pertext usingmachinelearningtechniques(Bayesclassifier)
andmakinguseof anontology[1]. However, weremarkthat
we arenot creatinganontology, we aresupportingontology
population. The ontologypopulationproblemis an impor-
tant issueto be addressedsinceit is difficult to keepup to
datea hand-craftedontology.

In our work, we had integratedthe hand-craftedKMi On-
tology into the informationextractor. The main taskof the
ontology is to disambiguationof someextractedinforma-
tion. For instance,in theeventconferringanaward“X was
grantedY amountof money”. X could be instantiatedto
nameof projector institution. In this casewe make useof
theontologyto clarify thetypeof X.

In the constructionof our IE componentwe hadintegrated
severalcomponents(Marmot,BadgerandCrystal)from the
Universityof Massachusettsat Amherst(UMass)which are
fully describedin Rillof[10]. We remarkthatin our IE com-
ponentthe templatematchingitself is supportedsemanti-
cally by referring to the ontology, but also containssome
lightweightNLP techniquesin orderto syntacticallyidentify
somefragmentsof thesentences.We believe it is important
to mix thesyntacticandsemantic.Thesemanticcheckingis
oftennecessaryto resolve ambiguities,for example,ontolo-
gies canprovide us with axiomsof commonsenseknowl-
edgesuch“if someoneis visiting a placethenthis someone
shouldbe a person.” Conversely, somegrammarconstruc-
tions(suchasdates)canberecognizedrobustly.

Figure1 illustratesthefour phases.In particularla browsephase
hasbeenlaunched.

Ourprimarycontribution is to integrateatemplate-drivenIE en-
ginewith anontologyengine(including inferencecapabilitiesbe-
sideslexiconssuchasWordnet)in order to supply the necessary
semanticcontentand then to disambiguateextractedinformation
and finally our secondcontribution is to provide supportfor the
ontologypopulationprocess.

Thepaperis organisedasfollows: In Section2 we presenta ty-
pology of two eventsasaredefinedin KMi ontology. Section3
presentsthe mark-upphase. Section4 shows the learningphase
usingCrystal. Section5 presentstheextractionof informationus-
ing Badger. Section6 describesthe useof ontologyto copewith
theambiguityin theidentificationof objectsin thestory. Section7
shows the OCML 1 codegeneratedafter badgerobtainstemplate
instantiations.Section8 discussestheprocessof populatinganon-
tology asanactivity in thelife cycle of theontologyconstruction.
Finally, Section9 givesconclusionsanddirectionsfor futurework.

�
OCML is a languagedesignedfor knowledgemodeling

Figure1: Systemoverview

2. EVENT TYPOLOGY
KMi ontologyconsistsof KMi projects,peoplein KMi, events,

etc. In particularwe will focusin a sectionof the KMi ontology
calledevents(activities happeningin our Institute).Theeventsare
definedformally in our ontologyasclasses.Currently, in our KMi
ontologywehavedefined40differenttypesof events.As theevent
typology is alreadydefinedin the KMi ontology. Then, for each
eventwe alreadyhaddefinedtheslotswhich might beinstantiated
by theIE component.Figure2 shows a portionof thehierarchyof
eventsasdefinedin KMi ontology.

For the sake of space,we only presentthe structureof three
typeof eventsfrom theeventhierarchy:visiting-a-place-or-people,
conferring-a-monetary-awardanddemonstration-of-technology.

Class Event 1: 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 (a place)
other agents-involved (list of person(s))
main-agent (list of person(s))

Thestructureof Event1 (visiting-a-place-or-people)describesa
setof objectswhich might be encounteredin story describingan
event visit, suchas, visitor, people-or-organisation-being-visited,
otheragents-involved,etc.

Class Event 2: conferring-a-monetary-award



Figure2: Event hierarchy

slots:

monetary award (sum of money)
has-duration (duration)
start-time (time-point)
end-time (time-point)
has-location (a place)
main-agent (list of person(s))
other agents-involved (list of person(s))
location-at-start (a place)
location-at-end (a place)
awarding-body (an organization)
has-award-rationale (project goals)

In theevent2 thevaluefor theslot has-award-rationale is ex-
tractedfrom text by usingheuristicssuchasif the word goal ap-
pearsin thestorythenthesystemwill extractasrationalethesen-
tenceuntil it finds full stop. The reasonfor this is becauseis to
generalto be learnedby an IE component.It doesnot follow any
grammarruleabouthow therationalecouldbeexpressedby ajour-
nalistwhowritesanstorydescribinga project’s award.

Class Event 3: demonstration-of-technology

technology-being-demostrated (technology)
has-duration (duration)
start-time (time-point)
end-time (time-point)
has-location (a place)

other agents-involved (list of person(s))
main-agent (list of person(s))
location-at-start (a place)
location-at-end (a place)
medium-used (equipment)
subject-of-the-demo (title)

Event 3 containsthe structurefor the event “demonstration-of-
technology”. Entities that needto be recognisedare technology,
place,etc.

3. MARK-UP PHASE
Themark-upcomponentaimsto help themanualannotationof

webpages.In this componenttheontologyplaysa importantrole
guidingthemark-upprocess.Theuserdoesnotknow which is the
relevantinformationwhichmightbeannotated.Therefore,wecon-
siderthat is usefulto have a suchtool thatpresentsuserwith pos-
siblestags. An exampleof annotatedstory is shown in Figure4.
The userselectsan specificclasson the hierarchyof events, for
example,“visiting-a-place-or-people”.Thena setof possiblestags
is presentedto theuserfor theevent “visiting-a-place-or-people”.
Thesetof tagsare:has-duration,start-time,end-time,has-location,
otheragents-involved,main-agent,visitor, people-or-organisation-
being-visited.From this setthe usercould selecta subsetof tags
andthenautomaticallya templatefor the event “visiting-a-place-
or-people” is created. The createdtemplateis usedlater by the
componentwhich make instantiationsof templates(Badger).Fig-
ure3 shows theuserselection.In this particularexampletheuser
only selectsstart-time,end-time,has-locationandvisitor.

Figure3: Selectionof tags

For thesake of space,let usassumethat theuserannotatesthe
storywith two tags:visitor andplacefrom theselectedset.Figure4
showsthesemanticannotationswhichautomaticallyareinsertedin
the text. In the story David Brown wasannotatedasvisitor and
The OU is annotatedasplace.

4. LEARNING PHASE
This phasewas implementedby integrating two tools Marmot

andthelearningcomponentcalledCrystalbothfrom Umass.
A brief descriptionof Marmot (a text preprocessor)is giving

beforethelearningcomponentCrystalis presented.



Figure4: Annotated story

4.1 Marmot
Marmot (from UMass)is a naturallanguagepreprocessingtool

thatacceptsASCII files andproducesanintermediatelevel of text
analysisthat is useful for IE applications. Sentencesare sepa-
ratedandsegmentedinto nounphrases,verbphrasesprepositional
phrases.

Marmot hasseveral functionalities:preprocessesabbreviations
to guidesentencesegmentation,resolvessentencesboundaries,iden-
tifies parentheticalexpressions,recognisesentriesfrom a phrasal
lexicon andreplacethem, recognisesdatesanddurationphrases,
performsphrasalbracketingof noun,prepositionandadverbialphrases,
finally scopesconjunctionsanddisjunctions.

We haddefinedour own verbs,nouns,abbreviationsandtagsin
orderto applyMarmot to our KMi domain.For thesake of space
we would analyseonly the first threesentencesin the story given
in Figure5.

In the first sentence,Marmot recognisedtwo entitiesfirstly a
subject(SUBJ)which is JOHNDOMINGUE andsecondlya date.
Thelatestis recognisedandmarkedbetweenthesymbol“@”. Dates
arerecognisedrobustlyasregularexpressions.

SUBJ(1): JOHN DOMINGUE
ADVP(2): @WED_%COMMA%_15_OCT_1997@
PUNC(3): %PERIOD%

In sentencenumber2, DAVID BROWN is recognisedassub-
ject (SUBJ),aprepositionalphrase(PP)“FOR INDUSTRY” is en-
counter, theverb(VB) VISITS is alsofound,OBJ1takesthevalue

of THE OU andfinally a punctuationsymbol (PUNC) is the full
stopis encounteredat theendof thesentence.

SUBJ(1): DAVID BROWN %COMMA% UNIVERSITY
PP (2): FOR INDUSTRY
VB (3): VISITS
OBJ1(4): THE OU
PUNC(5): %PERIOD%

In thesamefashion,in sentencenumber3, DAVID BROWN is
recognisedassubject,thewordVISITED is recognisedasverband
OBJ1asTHE OU.

SUBJ(1): DAVID BROWN %COMMA% THE CHAIRMAN OF
THE UNIVERSITY
PP (2): FOR INDUSTRY DESIGN AND IMPLEMENTATION
ADVISORY GROUP AND CHAIRMAN OF MOTOROLA
PUNC(3): %COMMA%
VB (4): VISITED
OBJ1(5): THE OU

4.2 Crystal
Crystalis a dictionaryinductiontool. It derivesa dictionaryof

conceptnode(CN) from a trainingcorpus.Thefirst stepin dictio-
narycreationis theannotationof asetof trainingtextsby adomain
expert. Eachphrasethat containsinformation to be extractedis
tagged(with SGML styletags).

Crystalinitialisesa CN dictionaryfor eachpositive instanceof
eachtype of event. The initial CN definitionsaredesignedto ex-
tract therelevantphrasesin the traininginstancethatcreatesthem



Figure5: Marmot output

but aretoospecificto applyto aunseensentences.Themaintaskof
Crystalis to graduallyrelaxtheconstraintsontheinitial definitions
andalsoto mergesimilardefinitions.

Crystalfindsgeneralisationsof its initial CN definitionsby com-
paring definitionsthat aresimilar. This similarity is deducedby
countingthenumberof relaxationsrequiredto unify two CN def-
initions. Thena new definitionis createdwith constraintsrelaxed.
Finally the new definition is testedagainstthe training corpusto
insurethat it doesnot extract phrasesthat werenot marked with
theoriginal two definitions. This meansthatCrystaltakessimilar
instancesandgeneralisesinto amoregeneralruleby preservingthe
propertiesfrom eachof theCN definitionswhicharegeneralised.

Theinductiveconceptlearningin Crystalis similar to theinduc-
tive learningalgorithmdescribedin [7] a specific-to-generaldata-
driven searchto find the most specificgeneralisationthat covers
all positive instances.Crystalfindsthemostspecificgeneralisation
that coversall positive instancesbut usesa greedyunificationof
similar instancesratherthanbreadth-firstsearch.

Comingbackto ourexampleDavid Brown’sstory. Wehavethat
Crystallearnsaconceptualnodesuchastheoneshown in Figure7.

Theseconceptualnodestatesthat “X visited”. So that in the
futurewhenever thepattern“X visited” appearsin thetext thecase
framewill extract“X” asthevisitor.

For thepatternX visitedY, 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 a instance
for theevent“visiting-a-place-or-people”.

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

Figure6: Crystal output

ing terroristactivities in Latin America):
“A visitor fromColombiawashurtwhentwo terroristsattempted

to kill themajor”.
if visitor fr om Colombia is markedasvictim two terr orist are

markedasperpetratorsandmajor asvictim.
Crystalgenerates3 framecasesthatrepresentsthefollowingpat-

terns:
If a text containsthe expression“X washurt” thenthe system

extracts“X” asthevictim.
If a text containsthe expression“X attemptedto kill” thenthe

systemextracts“X” asperpetrator.
If thetext containstheexpression“attemptedto kill Y” thenthe

systemextracts“Y” asthevictim.
In recentyearshadbeengreatinterestin annotated-basedtech-

niquesfor producingautomaticallydictionaries.Thereasonfor this
is that automaticcreationof conceptualdictionariesis important
factorfor portabilityandscalabilityof anIE system.

Crystalhasbeentestedon corpusof 300 KMi stories. Crystal
wasableto inducea dictionaryof CN definitionsfor eachevent in
KMi ontology.

5. EXTRACTION PHASE
A third componentcalledBadger(from UMass)whichwasalso

integratedinto our IE component.
Badgermakesthe instantiationof templates.The main taskof

badgeris to take eachsentencein thetext (in our casea storywrit-
tenin ae-mailmessage)andseeif it matchesany of ourCN defini-
tions. If no extractionCN definitionappliesto a sentence,thenno
informationwill beextracted;thismeansthatirrelevanttext canbe
processedvery quickly.

It might occursthatBadgerobtainsmorethanonetypeof event
for an story. Thenour IE systemdecidesto classifythe story ac-



Visitor: V   (class_person)

Has−location:   P   (class_place)

Has−duration:

Start−time:   ST   (class time_point)

 End−time:  ET  (class time_point)

D  (class duration)

Verb:   visited    (active verb)

Figure7: Conceptnodefor the visiting event

cordingwith thefollowing criteria:how many featurefor eachtype
wereencounteredin thestory.

Badgerobtaineda caseframeinstantiationsfor PlaceandVis-
itor usingconceptualnodesdefinedin the dictionaryconstructed
by Crystal. In theBadger’s outputthefollowing conventionswere
used:thenameof theslotappearsin theleft handsideof thearrow
andthe valuefor the slot on the right handsideof the arrow. In
David Brown story, BadgerinstantiatedPlaceto TheOU andvisi-
tor to David Brown. The typeof event is obtainedfrom thevalue
of TypeandthedocumentID from docid.

Theoutputshown in Figure8 meansthatBadgerhadinstantiated
(using the CN definitionsanddomainlexicon) to a frame of the
form:

Concept Node:
CN-type: visiting-a-place-or-people
Slots:
Visitor tag: VI
Start-time tag: ST
End-Time tag: ET
Place tag: PL
Research-group tag: GR

Dateis not statedin the story. So Start-timeandEnd-timeare
instantiatedto thedatein which thestorywaswritten.

6. INFERENCE CAPABILITIES BY USING
AN ONTOLOGY

An exampleof anstorybelongingto thetypeof eventconferring-
a-monetary-awardis definedasfollows. This exampleis described
in this paperbecauseshows theinferencecapabilitieswhich could
beobtainedfrom usinganIE componentplusanontology.

IBROW hasbeenawarded1 million Ecufrom theEu-
ropeanCommissionto carryoutresearchin theareaof
knowledge-basedsystems.

Theoutputfrom Badgeris shown asbelow.

Figure8: Badgeroutput

<cn>ID: 80 Type: conferring-a-monetary-award
docid = ibrow-story
sentence_num = 1
segment_num = 1
Funder ==> PP: FROM THE EUROPEAN COMMISSION
</cn>

<cn>ID: 106 Type: conferring-a-monetary-award
docid = ibrow-story
sentence_num = 1
segment_num = 1
Money ==> OBJ1: 1 MILLION ECU
</cn>

<cn>ID: 24 Type: conferring-a-monetary-award
docid = ibrow-story
sentence_num = 1
segment_num = 1
Project-Institution ==> SUBJ: IBROW
</cn>

In this lastexample,we needto usetheKMi planetontologyto
find if Project-Institutionis a institution nameor a project name,
and this is doneby a simple traversalof the inheritancelinks in
theontology. Specifically, to remove ambiguitywe senta queryto
Web-ontoaskingfor thesetof all educational-organizationsusing
thefollowing querycode.

web-onto display akt-kmi-planet-kb
ocml-eval(setofall ?x

(educational-organization ?x))

This givesa list containingall educational-organizations:



to give @(the-open-university
...
org-knowledge-media-institute)

IBROW doesnot matchany of these,however, we alsosenda
queryto Web-ontoaskingfor thesetof all kmi-projects:

web-onto display akt-kmi-planet-kb
ocml-eval(setofall ?x

(kmi-project ?x))

yielding

to give @(project-d3e
...
project-kmi-planet
...
project-ibrow
...
project-heronsgate-mars-buggy)

andhencea matchof “IBROW” to project-ibrow
In a similar fashionaqueryis sentto webontoin orderto find if

Funderis a valid funderbody.

web-onto display akt-kmi-planet-kb
ocml-eval(setofall ?x

(awarding-body ?x))

to give @( ...
org-european-commission
org-british-council)

At sametime somesemantic relations could be obtainedby
usingtheKMi planetontology. For ourexampleaboutIBROW we
canderive thefollowing semanticrelations:

“ibrow isKMi project”and“KMi ispart-oftheOpen-University”
TheOCML queryto derive thatKMi is partof theopenuniver-

sity is asfollows:

web-onto display akt-kmi-planet-kb

ocml-eval(setofall ?x
(organization-unit-part-of ?x

the-open-university))

to give @(knowledge-media-institute
acad-unit-department-of-earth-science
acad-unit-department-of-statistics-ou
acad-unit-faculty-of-maths-and-computing-ou
...
org-office-for-technology-development)

thereforewecouldconcludethat:
“the Open-Universityhasbeenawarded1 million Ecufrom the

EuropeanCommission”
In a futureimplementationwewill beinterestedin findingmore

complex relationsby usingourKMi Planetontology.
Finally, weremarkthatOCML (thequerylanguageusedby we-

bonto) has adoptedthe closedworld assumption(CWA), in the
samefashionasProlog,andso factsthat arenot provablearere-
gardedas“f alse”asopposedto “unknown”.

7. OCML CODE GENERATED FROM OUR
SYSTEM

Our goalis to usetheinformationobtainedby BadgerandKMi
ontology in order to be able to populateour KMi ontology with
new instancesof classes.In orderto accomplishthis taskwe had
pluggedanothercomponentwhich is a translatorfrom Badger’s
output to OCML code. The main function of this translatoris to
tokenisethe Badgeroutput and then find the CN definitions(cn
markers)andextract all theobjectsencounteredin thestory. The
nameof eachslot in theframecasecorrespondsto thenameof the
field in theclassdefinitionandthevaluefor thefield is theextracted
information.

For theexampleDavid Brown’sstoryweendupwith a visiting-
a-place-or-peopleeventandproducetheintermediateoutput:

(def-instance visit-of-david-brown-
the-chairman-of-the-university
visiting-a-place-people

((has-duration 1-day)
(start-time wed-15-oct-1997)
(end-time wed-15-oct-1997)
(has-location the-ou )
(visitor david-brown-the-
chairman-of-the-university)

)
)

wherean instanceof the type event visiting-a-place-or-people
hasbeendefinedwith thename“visit-of-david-brown-the-chairman-
of-the-university”.

8. POPULATING THE ONTOLOGY
Buildingdomain-specificontologiesoftenrequirestime-consuming

expensive manualconstruction. Thereforewe envisageIE as a
technologythat might help us during ontology maintenancepro-
cess. During the populationstepour IE systemhasto fill prede-
fined slotsassociatedwith eachevent, asalreadydefinedthe on-
tology. Our goal is to automaticallyfill asmany slotsaspossible.
However, someof theslotswill probablystill requiremanualinter-
vention.Thereareseveralreasonsfor thisproblem:

� thereis informationthatis not statedin thestory,

� noneof our templatesmatchwith the sentencethat might
provide theinformation(incompletesetof templates)

We note that therearesomecaseswhen the instancesarenot
definedin theontologyandthendeterminingthetypeof anobjectis
notstraightforward.Thishasto bederivedfrom aproof. Currently,
we still looking to thisaspectof our research.

Figure 9 shows the extractedinformation from David Brown
story.

Oncethesystemhadextractedtheinformationtheuserwill pre-
sentedwith all extractedinformationeven the onethat cannotbe
categorizedasbelongingto a typeof objectdefinedin ourdomain.
Therefore,beforepopulatingthe ontology we will requirethat a
personcheck/completetheextractedinformation.

9. CONCLUSIONS AND FUTURE DIREC-
TIONS

Wehadbuilt a tool whichextractsknowledgeusinganontology,
anIE componentandOCML translator. Currently, our systemhad



Figure9: Extracted information

beentrainedusingthearchive of 300storiesthatwe hadcollected
in KMi. 2 Thetrainingstepwasperformedusingtypical examples
of storiesbelongingto eachof thedifferenttypeeventsdefinedin
the ontology. We obtainedresultsover 95% usingthe IE compo-
nentin KMi stories. However, in the future we would like to use
theIE componentin a differentdomain.Weareinterestedin using
our systemin companiesprojectreports,CurriculumVitae(CV’s),
or applicationof jobs.

Anotherpossibledirection that we would like to explore is to
incorporateinto the IE componenta different MachineLearning
algorithmsuchasdescribedin [12]. in order to compareperfor-
mancebetweenthem.

As mediumtermgoal,we would like to have accessto a library
of IE methodsandto activatetheseover a webpageor acollection
of webpages.

Besidestheabove issues,Badgercouldbeextendedin orderto
save its outputin XML (ExtensibleMarkupLanguage).This will
increasethe portability of our IE systemasXML is the universal
formatfor structureddocumentsanddataon theWeb.

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