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Abstract

Sharingandreusingknowledgeis that researchareain Artificial Intelligence(AI)

that aimsto isolatethe knowledgecomponentswhich aresharedacrossdifferent

domainsandrepresentthemin a way generalenough,so that they maybe reused

in differentapplications. Knowledge to besharedandreusedis of two types:On-

tologies, knowledgeabout“what”, andProblem-solvingmethods, knowledgeabout

“how”.

In this thesiswe focusour attentionon sharingontologies,andwe concentrateon

a conceptualmetamodelfor ontologieswhich supportsan alternative approachto

knowledgesharing.Thesearethetwo mainresearchthreadsfollowedin thesis:The

primary threadconcentrateson anenrichedontology modelwhich providesa pre-

cisecharacterisationof theattributesusedto defineconceptsin theontology. This

conceptualmetamodelis basedonamultidisciplinarytheoreticalbackgroundwhich

includestheformal notionsof ontological analysis(namelyidentity, rigidity, unity

anddependence) [Welty andGuarino2001],on thecognitivenotionsof prototypes

andexceptions,andthe notion of modality. The characterisationof attributeswe

proposehasbeenmodelledby a setof metapropertiesfor attributeswhich encom-

passthe behaviour of conceptpropertiesin the conceptdefinition andover time,

namely:Mutability, Mutability Frequency, ReversibleMutability, EventMutability,

Modality, Prototypicality, Exceptionality, Inheritance, Distinction. The novelty of

thisextendedconceptualmetamodel is thatit explicitly representsthebehaviour of

attributesover time by describingthechangesin a propertythatarepermittedfor

membersof the concept. It alsoexplicitly representshow conceptpropertiesare

inheritedby subconcepts.Finally, themetamodeldoesnotonly describetheproto-

typical propertiesholdingfor a conceptbut alsotheexceptionalones.No previous
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work on ontology hasprovidedsucha precisecharacterisationof attributeproper-

ties.

This conceptualmetamodelhasbeendevelopedto enablethe assessmentof se-

manticsimilarity in thestructureof multipleontologies,calledontologyclustering,

which is the objectof the secondaryresearchthread. Ontology clusteringlocates

thesharedknowledgein a structureof multiple ontologieswhicharehierarchically

organised.Although this hasnot beena primarydirection,we believe thatsucha

structurehasadvantagesovertheothersespeciallyif consideredin thecontext of an

openenvironmentsuchastheInternet.
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Chapter 1

Intr oduction

1.1 Knowledgesharing and reuse

Thisthesisinvestigatessharingknowledgebetweenheterogeneousknowledgesources

in anopenenvironment,whereknowledgesourcescanjoin andleave at any time,

in aflexible, scalableandmaintainable way.

Thelasttwo decadeshaveseena rapidevolution of computingandcommunication

technologieswhichhavedramaticallychangedtheway in whichknowledgeis per-

ceivedin everydaylife. In computerscienceanew perspective, theknowledge level

[Newell 1982]hasshiftedthefocusof attentionfrom datato knowledge, whichhas

led to applicationsfor thedevelopmentandspecificationof knowledgebasedsys-

tems,andlibrariesof reusablecomponents.

Technologicaladvancesin computing have madeit possible to exploit the knowl-

edgelevel perspective, by providing the technologyto build very large intelligent

systemsthat can useknowledgeto answercomplex queries. In communication

technologies the advancesin networks of computersand especiallythe Internet,

havemadeavailablea largenumberof resourcesfrom whichknowledgecanbeex-

tractedandthataretypically heterogeneous.

Theprocessof building powerful intelligentsystemsrelieson theability of captur-

ing andrepresentingknowledge,alsoknown collectively asknowledgeacquisition.

Theacquisitionof knowledgeis complicatedby theavailability of many knowledge

sourcesandby theirheterogeneity;it is thusnecessaryto find awayto combinethe
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Introduction Chapter1

knowledgeprovided by thesesourcesin orderto have a richerunderstandingof a

domain.Acquiring knowledgehasprovedto beextremelycomplex andtime con-

suming.Therearesomenotions thatarecommonacrossdomains,evenwhenthese

have differentnature.Ideally, we would like to beableto reusethesecomponents,

but reusability is noteasyto achieve,at leastfor thefollowing reasons:

� thelackof standardrepresentations,at symbolic level, thatpreventstheshar-

ing of knowledgecomponentsamongdifferentsoftwaredevelopers;

� thedifficulty of locatingandidentifyingknowledgecomponentsthatarereusable

from thosethatcannotbereused;

� thelackof suitablemetricsthatpermitthecomparisonof knowledgecompo-

nentsin orderto choosethemostappropriateonefor aspecificapplication;

� thelackof methodologiesandtoolsthatcansupporttheintegration of knowl-

edgecomponentsin systemsdifferentfrom theonesthey havebeendesigned

for;

� thelackof evaluation of mostof theknowledgecomponentsthatarebuilt.

Sharingandreusingknowledgearestrictly connectedactivities.In fact,in orderto

explainhow acomponentcanbereusedonehasoftento communicatesubtleissues

that aremoreeasilyexpressedin a formal way; theseexplanations(moreor less

formally expressed)needa sharedunderstanding of the intendedinterpretationsof

terms.

However, sharingandreusingknowledgecanbehamperedby thefollowing prob-

lems[Gómez-Ṕerez1998]:

1. Heterogeneityproblems;

(a) Heterogeneityof knowledge representationformalisms;
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Chapter1 Introduction

(b) Heterogeneityof theimplementation languages;

(c) Lexical problems;

(d) Synonymity;

2. Backgroundassumptionsproblems;

(a) Hiddenassumptions;

(b) Lossof commonsenseknowledge.

Theseproblemsarediscussedmorein detailin Section1.2.

Thedifficultiesarisingfrom sharingandreusingknowledgehavebeensummarised

quiteeffectively by TomGruberin [Gruber1991,page91]:

today’sknowledgesystemsareisolatedmonolithscharacterisedbyhigh
internal coupling... anda lack of externalcouplinginterfaces...

Sharingandreusingknowledgeis that researchareain Artificial Intelligence(AI)

thataimsto isolateknowledgecomponentswhich aresharableacrossdifferentdo-

mainsandrepresentthemin a way generalenough,so that they canbe reusedin

differentapplications. Knowledgeto be sharedand reusedis of two types: On-

tologies, knowledgeabout‘what’, andProblem-solving methods, knowledgeabout

‘how’. In this thesisweconcentrateonly on thesharingof ontologiesanddisregard

thesharingof problem-solving methods, althoughwe acknowledgethat thesetwo

knowledgecomponentsarestrictly related,andthatthenatureof the‘knowing how’

necessarilyaffectstheway in which the‘knowing what’ is represented.This prob-

lemis known in theliteratureasinteractionproblem[BylanderandChandrasekaran

1988].

In thisthesiswefocusourattentiononsharingontologies,andweaddresstwo main

researchquestions:

1. Is it possibleto determine,only by meansof a preliminary analysisof the

approachespresentedin the literature,whetherthereis an approachwhich
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givesbetterprospectsfor achieving interoperability amongheterogeneousau-

tonomousknowledgesources?

2. Whatkind of knowledgeshouldberepresentedin ontologiesin orderto facil-

itateinteroperationamongheterogeneous,autonomousknowledgesources?

1.2 Problemdefinition

Knowledgesharingandreusewastheaim of theARPA KnowledgeSharingEffort

[Nechesetal. 1991]whichproposedthefollowing vision [Nechesetal. 1991,page

37]:

we presenta vision of thefuturein which theideaof knowledge shar-
ing is commonplace. If this vision is realized,building a new system
will rarely involve constructinga new knowledgebasefrom scratch.
Instead,the processof building a knowledge-basedsystemwill start
by assembling reusablecomponents. Portionsof existing knowledge
baseswould be reusedin constructingthe new system,and special-
purposereasonersembodying problem-solving methodswould simi-
larly bebroughtin. Someeffort wouldgo into connectingthesepieces,
creatinga“customshell” with preloadedknowledge. However, thema-
jority of thesystemdevelopmenteffort couldbecomefocusedon cre-
atingonly thespecializedknowledgeandreasonersthatarenew to the
specifictaskof thesystemunderconstruction. In our vision, thenew
systemcould interoperatewith existing systemsand posequeriesto
themto performsomeof its reasoning.Furthermore,extensionsto ex-
isting knowledgebasescouldbeaddedto sharedrepositories,thereby
expandingandenrichingthem.

In this thesiswespecificallyaddressthesharingof ontologies, thatis thesharingof

formal andexplicit specificationsof the conceptualisations usedto modelthe do-

mainsof interest.Thereforesharingontologiesconcernsthesharingof a common,

formalandexplicit view onadomain.

Knowledgeto besharedmight bemodelledandrepresentedin many diverseways,
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Chapter1 Introduction

andso theaim is to shareknowledgeamongheterogeneousresourcesthatareau-

tonomous(andsonot designedto interoperate)within a general,flexible architec-

ture. Heterogeneityof the knowledgesourcescan hinder the processof sharing

knowledge;thisdoesnotalwayshaveto beperceivedasadisadvantagebut it poses

problemsthat needto be solved in order to achieve interoperabilitybetweenthe

knowledgesources.Nechesand colleagues[Necheset al. 1991] have identified

four typesof impedimentto sharingandreusingknowledgethatoriginatefrom het-

erogeneity:

1. HeterogeneousRepresentations:Knowledgeis representedin a formalism

thatcannotbeeasilytranslatedinto others.This typeof diversity is inherent

to theapplicationfor which theknowledgeis represented.Indeed,thereare

anumberof possiblewaysto representknowledgeandthechoiceof onerep-

resentationover theotherscanaffect thesystem’s performance.Thereis no

single knowledgerepresentationthat is thebestfor all problems,nor is there

likely to beone.

In mostof the casessharingandreusingknowledgeinvolvesperforminga

(veryoftenmanual)translationfrom oneformalismor languageinto theoth-

erstrying to reducetheinformationlossthatis inevitablein thesecases.

Many efforts have beendevotedto identifying andovercoming this kind of

heterogeneity. For example,in [CorchoandGómez-Ṕerez2000] theauthors

providea comparisonof thedifferentontology languageson thegroundsof

differentdimensionssuchasthewayconceptsaredescribed,thetypeof tax-

onomies,the inferencemechanisms supportedby a language,etc. This kind

of comparisonis extremelyuseful for identifying the mostappropriatelan-

guagefor thekind of applicationthatis beingdesigned.

Many ontology editorssuchasWebODE[Arpírez et al. 2001]andProtege-

2000[FridmanNoy etal. 2000]givethepossibility to write theontologyin a

framebasedformalismandtranslateit into differentlanguages.Furthermore,
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somesystems,suchas OntoMorph[Chalupsky 2000], have dealt with the

problemof providing syntacticrewriting rulesto performtranslationsfrom

oneontologylanguageinto another.

Theproblemof heterogenousrepresentationis perceivedalsoin morerecent

applicationareassuchastheSemanticWeb. Indeed,Ontoweb,theEuropean

network of excellenceon ontology-basedinformationexchangefor knowl-

edgemanagementand electroniccommerce,hasa SpecialInterestGroup

workingonstandardisationefforts for ontology languages(moreinformation

canbefoundat thefollowing URL:

http://www.cs.man.ac.uk/horrocks/OntoWeb/SIG/);

2. Dialectswithin LanguageFamilies: A single family of knowledgerepresen-

tation formalismscanpresentmany differentvariationsboth to syntaxand

semantics.Someof thesearetrivial whereasotherscanbequitesubstantial.

However, all of themcanhamperknowledgesharingandreuse;

3. Lack of Communication Conventions:Knowledge sharingcanbe achieved

if different systemsare enabledto communicate. This implies that all the

knowledgesourcesagreeto committo somestandardcommunicationproto-

col allowing systemsto queryeachothers.However, only few standardshave

beenestablished(at leastthroughconsensus)in the pastyears,amongthe

mostrelevantwementionhereOKBC [Chaudhrietal. 1998]whichconcerns

theknowledge content,andKQML [Finin et al. 1997],which is theprotocol

for dealingwith querieson theknowledgecontent;

4. Model Mismatchesat theKnowledgeLevel: Evenwhentheaforementioned

problemsare resolved thereis still the big issueof reconcilingmodelsex-

pressingdifferentsemantics,which poseshugedifficulties. A moredetailed

analysisof the kind of modelmismatchesthat canoccurat the knowledge

level canbefoundin [Visseretal. 1998],andin [Grossoet al. 1998],andwe

haveanalysedthemin Section3.5.
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Chapter1 Introduction

In this thesisweaddresstheproblemof achieving knowledgesharingbetweenhet-

erogeneoussourcesin anopenenvironment, wheresourcescanjoin andleavefreely

andno standardis imposedon them. This implies theuseof ontologiesto model

the perspectives on one or more domainswhich are modelled in the knowledge

sources,and reachingan agreementbetweenthem, that is creatingone or more

sharedontologies,to whichthesinglelocalontologieschooseto commit in orderto

communicate.This is necessaryin orderto allow heterogeneousknowledgesources

to interoperatewhile maintaining their autonomy.

Wefocusourattentionontwo differentaspectsof theproblem,thatis onthewayin

whichthesharedontology(ontologies)shouldbestructured,andthecontentandthe

modelling primitivesthat thesharedontology (ontologies)shouldpresentin order

to achieve interoperability, while reducingthe information losswhich is inevitable

eachtime knowledgeis translated.In particular, in this thesiswe arguethe need

for a structureof multiple sharedontologies,wheresharedknowledgeis locatein

smaller, multiple sharedontologiesthat arehierarchicallyorganised.In this way,

knowledgeis modelledat different levels of abstraction,anda knowledge source

canjoin theinteroperationatany time,by committing to thesharedontology whose

view on thedomainis closerto theoneof theknowledgesource.

Building multiple sharedontologiesdependson the ability to matchsimilar con-

cepts,by meansof a matchingprocessthat takes into accountalso the concept’s

description. In orderto supportthe matchingprocess,this thesisprovidesa more

precisedescriptionof the conceptsin sharedontologies, which permitsto better

identify thepossible casesof heterogeneity. For this reason,themaincontribution

of this thesisis asetof meta-propertieswhichprovidesaprecisecharacterisationof

theattributesin termsof their behaviour over time (includingwhetherthe change

is allowedor not, whetherit happensregularly or onceonly in the concept’s life-

time, andthe reversibility of the change),their degreeof applicability to subcon-

cepts,their beingprototypicalor exceptional.Theaim of thesemeta-propertiesis

to providea moredetaileddescriptionof theconceptsin termsof their characteris-
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ing features(attributes)andto complementthesetof meta-propertiesproposedby

GuarinoandWelty [Welty andGuarino2001]thatareusedto performaformalon-

tologicalanalysiswhichpermitsthedesignof lesstangled(andthusmoresharable)

ontologies.

1.3 Research aim, questions,and method

Theaimof this thesisto is providesupportthedesignof multiplesharedontologies

thatpermitinteroperability amongheterogeneousknowledgesourcesin awaysuch

thatthesesourcescanmaintaintheir autonomyandtheir heterogeneityis not over-

comebut only reconciled.

This researchaim is effectively summarised by the following two researchques-

tions:

1. Is it possible to determine,only by meansof a preliminary analysisof the

approachespresentedin theliterature,whetherthereis anapproachthatgives

betterprospectsfor achieving interoperabilityamongheterogeneousautonomous

knowledgesources?

2. Whatkind of knowledgeshouldberepresentedin ontologiesin orderto facil-

itateinteroperationamongheterogeneous,autonomousknowledgesources?

Any answerto theresearch questionsmustsatisfythefollowing requirements:

1. heterogeneityhasto be maintainedin the knowledgesourcesandhasto be

reconciledonly for interoperationpurposes,which meansthat it hasto be

reconciledonly to the extent of permitting communication betweenthose

knowledgecomponents which aresharedby the sourceswillin g to interop-

erate;
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2. the commitment to the sharedontologieshasto be flexible, as in an open

environment, with knowledgesourcesthatcaninteroperatefreely with other

sourcesnotknown in advance,only onthegroundof somesharedknowledge

(necessaryin orderto havea common groundfor communication).

In orderto find theanswersto theresearchquestionsthatsatisfytherequirements

above,we havemadethefollowing assumptions:

� thatwearerestrictingourselvesto thesharingof conceptsandrelationsonly,

disregarding theproblemof sharingaxioms;

� knowledgesourcesprovidesufficientinformationto permittheunderstanding

of whichknowledgecomponentsarerelatedandthussharable;

� ontologiesmodelling theknowledgesourcesarecorrectandpossiblyuntan-

gled,that is, they have beendesignedaccordingto a lifecycle that includesa

validationstep;

� aknowledgesourcecancommitonly to onesharedontologyata time;differ-

entviewsonadomainareallowedonly at differenttimes;

� translationsacrossontologiesmightnotpreserve thesemantics.

Two mainresearchdirectionshave arisen.Thefirst investigatestheway in which

knowledgesharedby all thesourcesis to bemodelledin a formal andexplicit way

by oneor moresharedontologies,andthe relationshipsbetweenthe sourcesand

thesharedontologies.In orderto do sowe have investigateda numberof systems

usingontologies to facilitateknowledgesharing,suchas InfoSleuth[Perry et al.

1999],OBSERVER [Menaet al. 2000],andKRAFT [Preeceet al. 2001],andwe

haveanalysedtheapproachesthatarebehindthesesystems.

Relatedto this is the questionof what informationshouldontologies provide in

order to permit interoperabilitywhich conformsto the requirementsabove, and
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whethertheontology modelsthatarecurrentlyusedareadequateto achieve inter-

operabilityasdescribedabove in Requirement1. Theprocessof recognisingcan-

didateknowledgecomponentsfor sharingandreusedependsheavily onsemantics,

andis quitedemandingto performin that it requiresa deepknowledgeof thedo-

main. We indicatewhatkind of information on theknowledgecomponentsshould

be representedin the ontologiesin orderto facilitatethe individuationof suitable

candidates.

1.4 Thesisstructur e

Theremainderof this thesishasthefollowing structure:in Chapter2 wereview the

theoreticalfoundationsof ontologies. This termis usedbothin Philosophy, where

it indicatesthe systematicexplanation of Existence,and in variousareasin Arti-

ficial Intelligence(AI), suchasknowledgeengineering,knowledge representation,

qualitative modelling, databasedesign,languageengineering,information integra-

tion, informationretrievalandextraction,knowledgemanagementandorganisation,

agent-basedsystemdesign,and,morerecently, thesemanticweb[Guarino1998].

In all theseareasthe term takes a differentmeaning,in somecasesit denotesa

setof activitiesperformedfollowing a standardisedmethodology, suchasconcep-

tual analysisanddomainmodelling, while in someothercasesit just indicatesa

warehouseof vocabulary to solve lexical, semanticandsynonym problemsandas-

sumptions. Wereview thedifferentmeaningsthatthetermontologytakesin AI. We

alsopresentanoverview of thephilosophical notionson which muchof thework

on ontologiesin AI is grounded,in particularwe focusour attentionon formal on-

tologyandhow it providesthetoolsto performaformalontologicalanalysisaimed

to build betterconceptualmodels.

Chapter3 presentsanoverview of knowledgesharingandreuseandfocuseson the

rolesthatontologiesplay in this context. We hereillustratethediverseapproaches
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presentedin the literatureandwe sketcha novel proposalfor knowledgesharing,

namelyontology clustering, which we believe is an alternative to the approaches

presentedin theliteraturefor achieving interoperability in openenvironmentswhile

reducingtheinformationloss.

Ontology clusteringis basedon the ability to assesssemanticsimilarity between

concepts.We briefly survey the measuresfor semanticsimilarity that have been

presentedin the literatureandwe arguetheneedfor moresensitive measures,that

returnnot only a binaryvalue,but a degreeof similarity betweenconceptsthatcan

beusedto performsomekind of semanticmatching.Thesemeasuresshouldtake

into accountthestructureof theconcept’sdescriptionandtherelationshipsholding

betweenconcepts.Basedon theapproachby RodŕiguezandEgenhofer[Rodŕiguez

andEgenhofer2002]wehaveenrichedthetraditionalontologymodelwith asetof

metapropertiesto describeattributes,which is theobjectof thenext chapter.

In Chapter4 we introduceandmotivateanextendedconceptualmodelfor ontolo-

gieswhich explicitly representssemanticinformationaboutconcepts’properties.

This modelis groundedon themeta-propertiesof formal ontological analysisthat

we presentin Chapter2 andit resultsfrom enrichingthe usualconceptualmodel

with meta-propertiesfor attributes(thatmodelconcepts’properties)whichprecisely

characterisesthe concept’s propertiesandexpectedambiguities, including which

propertiesareprototypical of a conceptandwhich areexceptional,the behaviour

of propertiesover timeandthedegreeof applicabilityof propertiesto subconcepts.

The explicit treatmentof time for attribute descriptionsin an ontology is a novel

aspectintroducedby this thesis. This enrichedconceptualmodelpermitsa pre-

cisecharacterisationof what is representedby classmembershipmechanismsand

helpsa knowledge engineerto determine,in a straightforward manner, the meta-

propertiesholdingfor a concept.

Chapter5 presentsan exampleof modelling by using the ontologymodel intro-
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ducedin Chapter4. The domainchosenfor the example is that of medicine,and

wemodelaparticularconditionknownasDisseminatedIntravascular Coagulation.

Wehavechosenthisdomainasit is extremelycomplex to modelandbecausesome

of thepropertiesof thisconditionaretimeandeventdependent.For thisreason,this

exampleis particularlysuitableto show theeffectivenessof theontologymodelde-

velopedin this thesis.

Finally, Chapter6 draws conclusions,highlighting thosewhich aredeemedto be

the novel contributions to the field of this thesis,and it presentsfuture research

directionsthatemergedfrom theresearchon this thesis.
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Theoretical foundationsof ontologies

2.1 Intr oduction

Theneedto sharediverseknowledgeand/orinformation with otherapplicationsal-

readybuilt hasgivenrise to a growing interestin researchon ontology. This term

hasbeenoriginally usedin Philosophy whereit indicatedthesystematic explanation

of Existence.Morerecently, thetermhasbeenusedin variousareasin Artificial In-

telligence(AI) andmorewidely in ComputerScience,suchasknowledgeengineer-

ing, knowledgerepresentation,qualitative modelling, databasedesign,language

engineering,informationintegration, informationretrieval andextraction,knowl-

edgemanagementandorganisation, agent-basedsystemdesign[Guarino1998]and

e-commerce.Ontologiesplay alsoa key role in oneof the newestareasof inter-

est,theSemanticWeb,asconfirmedby efforts suchasOntoWeb(http://ww w.

ontowe b.org ) andDAML (http://www .daml.or g).

In all theseareasthe term ontology can take a differentmeaning. In somecases

this termdenotesa setof activitiesperformedfollowing a standardisedmethodol-

ogy, suchasconceptualanalysisanddomainmodelling, while in someothercases

it just indicatesa warehouseof vocabulary to solve lexical, semanticandsynonym

problemsandassumptions. It is thusclearthat thereis no uniquedefinitionof the

termontology, andsothischapterintroducesthedifferentsensesof thewordontol-

ogy in Philosophyandin Artificial Intelligence.Themeaningof thetermontology

changesmoving from philosophy to AI. Thephilosophicalaccountfor thetermon-
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tology is thebranchof metaphysicsthatdealswith thenatureof Being,andit can

beconsideredasaparticularsystemof categoriesaccountingfor acertainvision of

theworld [Guarino1998]. In theremainderof thethesisthewordontology is used

asan uncountablenoun(which doesnot have a plural form) whenit refersto the

philosophical notion of ontology, whereaswe will useasa countablenounwhen

referring to theengineeringartifactsdefinedin AI.

This chapterpresentsan overview of theoreticalfoundationsof ontologies. This

topic is toovastto bedealtwith in achapter, sowe focusourattentionon thoseas-

pectswhicharerelevantfor thethesissuchasthedefinitionof ontologiesandof the

propertieswhichholdfor them,while wedisregardotherimportantfeaturessuchas

thelanguages,methodologies,andtoolsthatcanbeusedto build ontologies.

Many articles in the literaturehave beendevoted to presentingdifferent defini-

tions and featuresof ontologies; for this chapterwe have followed the overview

by Gómez-ṔerezandBenjamins[Gómez-ṔerezandBenjamins1999].Thischapter

illustratesthedifferencebetweenthephilosophicalandAI notionof ontologyand

presentsthedifferentdefinitionsof ontology in AI (Section2.2). Beforedescribing

thedifferenttypesof ontologies(Section2.4)weintroducethemodelling primitives

thatcanbeusedto modelthem(Section2.3). Then,in Section2.5 we presentthe

philosophical notionson whichmuchof thework on ontologiesin AI is grounded,

in particularfocussingour attentionon formal ontology andhow it provides the

tools to performa formal ontological analysisaimedat building betterconceptual

models(Section2.5.1).We endthischapterby drawing conclusions.

2.2 Ontologies: fr om Philosophy to Artificia l Intelli-
gence

Themeaningof thetermontology hasdifferentconnotations in Philosophy andin

ComputerScience.Guarinogave a characterisationof the philosophical account

for the termontology asa particularsystemof categoriesaccountingfor a certain
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vision of theworld [Guarino1998]. In this perspective anontologyis independent

from the languageusedto describeit. As we have alreadymentioned,the word

ontology takesa differentmeaningin Artificial Intelligence,whereit denotesan

engineeringartifact that is comprisedof a specificvocabulary andof a setof ex-

plicit assumptions concerningthe intendedmeaningof the wordscomposing the

vocabulary. Sincethe focusof this definitionof ontologyis thevocabulary which

is usedto describeaspecificreality, it is clearthattheArtificial Intelligencenotion

of ontology is languagedependentasopposedto thephilosophical one.

Although theAI community seemskeento agreeon theuseandon themeaningof

theterm“ontology”, thereis noaformaldefinitionthatis fully acceptedandagreed

uponby thecommunity.

2.2.1 Gruber’ sdefinition of ontology

Themostwidely quoteddefinitionof “ontology” wasgivenby TomGruberin 1993,

whodefinesanontologyas[Gruber1993,page199]:

anexplicit specificationof aconceptualisation.

Gruber’s definitionbuilds on the ideathat the declarative formalisationof the do-

mainknowledge startsfrom the conceptualisationof the domain[Geneserethand

Nilsson 1987],that is theidentificationof theobjectsthatarehypothesisedto exist

in the world andthe relationshipsbetweenthem. We useherethe word object in

its broadestmeaning,sothat it candenotebothabstractandconcretethingsof the

world. Accordingto GeneserethandNilsson aconceptualisationis [Geneserethand

Nilsson 1987,page12]:

atriple consisting of universeof discourse,afunctionalbasissetfor the
universeof discourse,anda relationalbasisset.

Theuniverseof discourseis thesetof objectsonwhichtheknowledgeis expressed.

A classicexample is of conceptualisationis the Blocks World domain,whereob-
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jectsof thedomainarefivetoy-blocksonatable,namelya, b, c, d, e. Thefunctional

basissetgroupsa typeof basicinterrelationshipsamongobjectsof theuniverseof

discourse,for examplein the Blocks World case,it would make senseto include

in theconceptualisationa functionhat mappingablock into anotherif thesecond

block is on top of the first one. A relationalbasisset is a setof a secondkind of

interrelationships holdingamongobjectsof theuniverse.We will denoteaconcep-

tualisationas ���������	��
 , where � representsthedomain,thatis theuniverseof

discourse,� is the setof functionalbasisandwhere � is the relationalbasisset.

For somepurposesit might not be importantto distinguish betweenthefunctional

andthe relationalbasisset,in thesecaseswe will denotea conceptualisationasa

simplerstructure����� R 
 whereR is thesetof all the interrelationships defined

on the objectscomposing the universeof discourse.For example,in the Blocks

World it wouldmakesenseto considertherelationshipabove , relatingtwo blocks

if oneis anywayabove theother, or therelationshipon , holdingif oneblockis im-

mediatelyon top of another, etc. Therefore,accordingto GeneserethandNilsson,

a conceptualisation of the Blocks World domaincanbe the triple: ��� ����������������� ,
 hat

� ,  on , above , clear , table
��� . In this way the conceptualisationof a

domainis a setof ontological descriptions���� � ��� �! " " #� �%$ � whereeach �'& is an

entityof thedomain,a functionor a relationship concerningoneor theentities,that

is ()�%& �+*-,�./�! " " 0�213� �%&+4 �65 �%&74 � , 5 ��&74 � . Theexplicationof eachsymbol

�%& by assigning it a meaningcorrespondsto describingthedomainaccordingto a

particularviewpoint andthisviewpoint is theontology.

According to Gruberan ontology is a quintuplecomposedof classes, instances,

functions, relationships, axioms. Classescorrespondto entitiesof thedomain,in-

stancesaretheactualobjectswhich arein thedomain,functions andrelationships

relateentitiesof thedomain,andfinally axiomsconstrainthemeaningandtheuse

of classesandinstances,functionsandrelationships.We have alreadymentioned

thatGruber’sdefinitionof ontologyis basedonGeneserethandNilsson’sdefinition

of conceptualisation [GeneserethandNilsson1987], except that Gruberrefersto
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classes,instancesandaxiomsusedto constrainclassesor instancesinsteadof the

universeof discourse.

Despitethe fact that Gruber’s is oneof the mostuseddefinitionsof ontologies it

hasbeenarguedthat it posessomeproblems.Oneof thepossiblecriticisms to the

useof GeneserethandNilssonconceptualisationascornerstonefor Gruber’sdefini-

tion of ontologyis thatthissenseof conceptualisation is basedon themathematical

definitionsof functionsandrelationshipsthat are inherentlyextensional[Guarino

andGiaretta1995]. ThusGruber’s ontologyusessomethingextensional to reason

aboutthe intensionalmeaningof thevocabulary usedto describea domain.A re-

sult of this problemis that what shouldbe describedasa differentsituation, asa

kind of snapshot,of aconceptualisation, is calledaconceptualisation. For example,

let usconsiderthepreviousconceptualisation of theBlocksWorld: ��� ���"�������8����� ,
hat ,  on , above ,clea r , table

��� . GeneserethandNilsson statethatthefunc-

tionsandrelationsin their definition of conceptualisation areextensional entities.

Thus, in the exampleabove, the relationabove is just equalto the setof pairs

:9 �"���#;0� 9<� ���=;>� 9?� ���0;>� 9 ������;�� . If a differentarrangementin theblocksis considered,

then,accordingto GeneserethandNilssonwe arelooking at a new conceptualisa-

tion, whereasGuarinoandGiaretta[GuarinoandGiaretta1995] claim it is just a

new situation, a new stateof affairs in the conceptualisationandnot a new con-

ceptualisation altogether. An ontologyshouldconcentrateon the meaningwhich

is associatedto the extensional relationsin a way which is independentfrom the

particular stateof affairs.

It is importantto noteat this point that thereis a distinction betweena different

situation in thedomainto conceptualiseasopposedto a differentviewpointon the

domainto conceptualise.In fact thereis no uniqueconceptualisation of a domain,

but the samedomaincanbe conceptualiseddifferently accordingto a numberof

viewpoints from which we canconsiderthedomain. Whena conceptualisation is

explicitly specified,it expressesa viewpoint on theknowledgeof a domain,or an

ontology. Therefore,theremightbeanontologyfor representingthecontentof each
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differentsourceof knowledge.

2.2.2 Guarino’ s definition of ontology

Alternativedefinitionsof conceptualisationaregivenby Guarinoin [Guarinoet al.

1994], [Guarino1998]. As mentionedabove, Guarino’s view of conceptualisation

focuseson theintendedmeaningof therelationslinking objectsof thedomain.He

renamesthistypeof relation(whichareindependentonthesituation of thedomain)

intensionalor conceptualrelations, andexpressesthemasfunctionsfrom possible

worlds(in theKripke’ssemanticsacceptation[Kripke1980]).

Intensionalrelationsaredefinedon a domainspace, which is the pair comprised

of the domain � and @ the setof the relevant statesof affairs. Eachstateof af-

fairsrepresentsapossible world. A conceptualrelationof arity 1 is a total function
A $ , @ B C�DFE , that is it associatesa possible stateof affairs with a n-ary (ex-

tensional)relation on the domain. Eachconceptualfunction A hasa numberof

admissible extensions, which aredefinedby theset GIHKJ  A 9<L ;"M L�4N@ � . Based

on thesepreliminarydefinitions,he definesa conceptualisationasthe setof con-

ceptualrelationsdefinedon thedomainspace,thatis a triple �K��� @ �POQ
 where
O is thesetof theconceptualrelationsdefinedon �R��� @ 
 . Eachconceptuali-

sationcorrespondsto many statesof affair of thekind describedby Geneserethand

Nilsson,thatis many structures�S��� R 
 thatarethuscalledworld structures, and

in particulara conceptualisation shouldhave onestructurefor eachworld, which

arethe intendedworld structuresaccordingto theconceptualisationwhich is being

described.

A conceptualisation, asdefinedabove is basicallyan implicit processwhich just

identifiesthe objectsof the world and the interrelationships linking them, but it

providesno meansto denotethem. Let us considera logical languageT , with a

vocabulary V. An interpretation function U associatesanobjector a relationshipof

thedomainwith a tokenof thevocabulary, thatis, U ,WV�XB �ZY R. It is interesting
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to noteherethat this definition providesonly an extensionalinterpretationof the

objectsof the domainandthe relationships linking them,in that its startingpoint

is only a world structure.In orderto have an intensional interpretationwe have to

consideran intensional interpretation function [ , which takesasa startingpoint a

conceptualisation, andthusthestructure�\��� @ �%OZ
 . [ associatesa symbolof

thevocabulary V with anelementof �]Y^O . Thepair formedby theconceptualisa-

tion andtheintensional interpretationis theontological commitment. Then,therole

thatanontologyplaysaccordingto Guarino,is providedby thefollowing definition

[Guarino1998,page4]:

An ontologyis a setof logical axiomsdesignedto accountfor the in-
tendedmeaningof avocabulary.

Fromthisdefinitionarisestherelationship betweenaconceptualisation andtheon-

tology which specifiesandformalisesit. Both specificationandformalisation are

basedon the choiceof a languageL (which is provided with a vocabulary V); L

is associatedwith anontologicalcommitment(providing theintensionalinterpreta-

tion of thesymbolsof thevocabularyV), anontologyfor L is comprisedof asetof

axiomssuchthatthemodelsderivedfrom theseaxiomsarethebestapproximation

of thesetof thepossibleinterpretationsof L givenK (calledsetof intendedmodels

of L accordingto K).

Thesetof intendedmodelsis, accordingto Guarino[Guarino1998],only a weak

characterisationof a conceptualisation, onethat excludessomeabsurdinterpreta-

tions,without describingthe real meaningof thevocabulary. This meansthat the

specificationof theconceptualisationby anontology, asin Gruber’s definition,can

beobtainedonly in an indirectway. Therearetwo mainjustificationfor this:

1. anontology is only approximating asetof intendedmodels,

2. the setof intendedmodelsis only a weakcharacterisationof a conceptual-

isation, becauseit is impossible to reconstructthe ontological commitment
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of a languagefrom a setof its intendedmodels. In fact,an intendedmodel

cancorrespondto many statesof affairs,with no oneto onecorrespondence,

andthis impliesthatit is impossible,givenaconceptualisation,to reconstruct

thecorrespondencebetweenthepossibleworldsandtheextensionalrelations

thataregivenby theconceptualisation. This is a problemwhich is common

to all the efforts for representingin somesymbolic way [Davis et al. 1993]

whatis at theknowledge level [Newell 1982].

Gruber’s definition is thusextendedby taking into accountnot only the concep-

tualisationbut also the languageusedto describeit and the setof commitments

associatedwith it. In thissenseanontologyis language-dependentwhile aconcep-

tualisationis languageindependent,whichconstitutesthemaindifferencebetween

ontologiesin AI andontology in Philosophy.

With theadditionalnotions givenaboveGruber’s definitioncanbereformulatedas

[Guarino1998,page5]:

An ontology is the setof logical axiomsdesignedto accountfor the
intendedmeaningof a vocabulary, i.e. its ontological commitmentto a
particularconceptualisation of theworld.

2.2.3 Other definitions

Gruber’s andGuarino’s arenot the only definitionsof ontologiespresentedin the

literature,althoughthey are the mostused. In fact, eachresearchgroupworking

in the ontologicalfield hastried to clarify their view on ontologiesandhave thus

endedupdeveloping theirown definitionof ontology. Clearly, thesedefinitionsde-

pendon thepurposesfor which they havebeendeveloped,but, despitesomeminor

differences,all thedefinitionsrefer to theontology asa common understandingof

adomain,andthatimpliesthatit is a repositoryof vocabulary for theknowledgeof

a domain.Thevocabulary containsbothformal andinformal definitions.Someof

thesedefinitionsarenotdefinitionsin thepropersenseof theterm,but describethe
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contentof anontology. Thefollowing areof this type.BorsthasextendedGruber’s

definition[Borst 1997,page12]:

An ontologyis a formalspecificationof asharedconceptualisation.

Studerandcolleagueshave mergedGruber’s andBorst’s definition,andhave pro-

videdanexplanationfor thetermsused[Studeret al. 1998,page185]:

An ontology is a formal, explicit specificationof a sharedconceptu-
alisation. A ‘conceptualisation’ refers to an abstractmodel of some
phenomenon in theworld by having identified therelevantconceptsof
thatphenomenon.‘Explicit ’ meansthatthetypeof conceptsused,and
theconstraints on their useareexplicitly defined.... ‘Formal’ refersto
thefactthattheontologyshouldbemachine-readable.‘Shared’reflects
thenotionthatanontology capturesconsensualknowledge,thatis it is
notprivate to someindividual,but acceptedby agroup.

Nechesandcolleaguesdevelopedthefollowing definitionaboutwhatis definedby

anontology [Necheset al. 1991,page40 ]:

An ontology definesthe basictermsandrelationscomprisingthe vo-
cabulary of a topic area,aswell asthe rulesfor combiningtermsand
relationsto defineextensionsto thevocabulary.

This definition statesclearly that an ontology is not only describingthe explicit

knowledgeaboutadomain,but alsotheknowledgethatcanbeinferred.

Therelationship betweenontologiesandknowledge baseshasbeenincludedin the

definitionbothby Bernarasandcolleagues[Bernaras et al. 1996],andby Swartout

and colleagues[Swartout et al. 1996]. Bernarasand colleagues[Bernaraset al.

1996,page298] have definedwhata knowledgebaseprovideswhile designingan

ontology:

It [the ontology] providesthemeansfor describingexplicitly thecon-
ceptualisationbehindtheknowledgerepresentedin aknowledgebase.
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Swartoutandcolleagues[Swartoutetal. 1996],on theotherhand,havedefinedthe

contributiongivenby anontology to thedesignof aknowledgebase[Swartoutetal.

1996,page1]:

An ontologyis a hierarchicallystructuredsetof termsdescribinga do-
mainthatcanbeusedasaskeletalfoundationfor a knowledgebase.

Finally, ontologiescanbe classifiedinto lightweightandheavyweightontologies,

dependingon the degreeof formality usedto expressthem. Heavyweightontolo-

gies are thosewhich are provided with axioms,inferencemechanisms aimedto

equipontologieswith deductivepower(e.g.,inheritance),andthatarecharacterised

by a highdegreeof formality (e.g.,underlyingformal semantics).Lightweighton-

tologies,on theotherhand,arethoseontologiesthatdefinea vocabulary of terms

with somespecificationof theirmeaning[Uschold1998].

Eachof thedefinitionspresentedabovehighlights aspecificaspectof a roleplayed

by ontologies. All definitions,however, sharethe ideathat an ontology provides

a descriptionof a particularviewpoint abouta domainandthatsucha description

mustbeexplicit, in thatit statesavocabulary for thedomain,which is expressedby

acertaindegreeof formality, andthatagroupcommitstousethevocabularyaccord-

ing to theintendedmeaningassociatedwith it in orderto communicate.Neverthe-

less,thisagreementisonlysuperficial,becausethewordontology canbeinterpreted

in differentwaysacrossthedefinitions. Someof thepossible interpretationshave

beenanalysedin [GuarinoandGiaretta1995],wherethe authorsidentifiedseven

mostcommoninterpretations, which are illustratedin Table2.1. The definitions

presentedin Table2.1 aresubstantially differentin that someof themaredefined

at thesemanticlevel (definitions2 and3) whereasothersrefer to theontology asa

concreteartifactat syntacticlevel, to beusedfor a givenpurpose[GuarinoandGi-

aretta1995].Definitionnumber1 refersto thephilosophicaldisciplineof ontology

andthereforediffersin naturefrom theothersandit is discussedin Section2.5.

Thesedefinitionsform asortof continuumwhereatoneendthemainfocusis onthe
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1. Ontology asaphilosophicaldiscipline;

2. Ontology asaninformalconceptualsystem;

3. Ontology asa formalsemanticaccount;

4. Ontology asaspecificationof a “conceptualisation”;

5. Ontology asa representationof aconceptualsystemvia logical theory

(a) characterisedby specificformalproperties;

(b) characterisedonly its specificpurposes;

6. Ontology asthevocabularyusedby a logical theory;

7. Ontology asa (meta-level) specificationof a logical theory.

Table 2.1: Interpretationsof theword “ontology”
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semanticsof theknowledgedescribed(andso,thesearethedefinitionsthatcanbe

referred to by thenotionof conceptualisation asin [Guarino1998]andillustrated

in Section2.2.2)while at the othertherearemoresyntacticorientednotions,like

logical theoriesor knowledgebases.

2.3 Modelling primit ives

Beforeproceedingby illustratingthedifferenttypesof ontologiesweintroducehere

theconceptualprimitivesthatcanbeusedwhenknowledgeabouta domainis for-

malisedin anontology. Theaimof thissectionis to helpclarifying theterminology

thatis usedin theremainderof this thesis.

In [Gruber1993] andafter [GeneserethandNilsson 1987] ontology is definedas

thequintuple:

9`_ � [ ���a�	�b��cd;

where:

� _ is thesetof theconcepts, thatis thesetof theabstractionsusedto describe

theobjectsof theworld;

� [ is thesetof individuals,that is, theactualobjectsof theworld. The indi-

vidualsarealsocalledinstancesof theconcept;

� � is thesetof relationshipsdefinedon theset _ , that is, eachR 4 � is an

orderedn-pleR=(�e�gfh���if  " " fj�%$ ). For examplesubconc ept-of is

thepair ( �lk � ��m ), where �3k is theparentconceptand �nm is thechild concept;

� � is the set of functionsdefinedon the set of conceptsand that return a

concept. That is, eachelementF 4 � is a function F: ( �o��fp���)f  " " f
�%$rq�� XB �%$ ). For example,the function Price-of- flat is function of

theconceptsYear , Location andNumber-of -square-m etres , and
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returnsa conceptPrice , that is Price-o f-flat : Year f Locati on

f Number- of-square -metres
XB Price ;

� c : setof axioms,thatis first orderlogic predicatesthatconstrainthemeaning

of concepts,relationships andfunctions.

Someof thesecomponentshavenecessarilyto bein anontology. For example, few

ontologiesincludealsoinstances.In the ontologiesmodelledin this thesiswe do

not considerneitherinstancesnor axioms(which areout of the scopeof this re-

search).

The simplesttype of ontology is composedby the setof concepts_ andthe rela-

tionships � (lightweight ontologies),althoughthis limits the knowledgethat can

be expressedaboutthe domain. Conceptsarealsocalledclasses. Conceptsand

instancesandareusuallyhierarchicallyorganisedin an Is-a hierarchy, which per-

mits, whenit is a strict relationship (in themathematicalsense),inheritanceto be

exploited in thestructure,that is if A is anancestorof B (denotedby A B B) and

B B C then,A B C. Whenontologiesincludealsothecontentconcerningground

individualsandtheir relationshipswith the conceptsthey instantiate, thenthe no-

tion of inheritanceis extendedto instancesandit is calledtheinstancerelation. The

Is-a relationship,alsocalledthesubclassrelationship, is not theonly onethatcan

bedefinedonconcepts.

Conceptscanbe definedin termsof characteristicfeaturesdescribingthem, that

arecalledattributes. If theconceptsareorganisedin a Is-a hierarchy, thenthe in-

heritanceis extendedalsoto attributes.Attributesaresharedby conceptseitherin

their original form or modifiedin orderto give the inheritingclass,known alsoas

subclass, a morerestrictive definitionthantheoneprovidedby theparentconcept.

Furthermoreotherpropertiescanbeaddedto form morespecialisedconcepts.

Anomaliesarisingfrom inheritancemechanismshave beenillustratedin the liter-

ature([Brachman1985, Touretzky 1986]), wherea distinction is madebetween

singleandmultiple inheritance. The formerpermitsa conceptto inherit attributes
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from oneparentonly andcancausedefaultconflicts, while thelatterpermitsacon-

ceptto inherit propertiesfrom morethanoneparentandcancauseinconsistencies

in inheritedattribute values. In particularTouretzky hascharacterisedthe prob-

lemsthat canarisebecauseof inheritanceinto a patternof nonmonotonicity, and

distinguishedthreemaincategories,which are: theso-calledTweetytrianglepath,

thecautionsmonotonicity (alsocalledtheClyde-level skip),andthepathin caseof

multipleinheritanceof positiveandnegativereasons(alsoknownasNixondiamond

path)[Touretzky 1986]. In orderto solve theseproblems,Touretzky introducedthe

notionof inferentialdistance,whichproved suitableto dealwith thefirst two types

of path.

In [Carpenter1993],defaultvaluesaredefinedasawaytodeduceinformationabout

aconcept,if theinformation is consistentwith whatis alreadyknown aboutthecon-

cept.Reasoningaboutdefaultscanbecomeextremelyproblematic whenonly strict

inheritanceis allowed, that is whenthe IS-A link amountsto logical implication

or setinclusion. Then,morespecificinformation cannotoverrule informationob-

tainedfrom moregeneralclassesthuscausingwrong conclusionsto be inferred.

A defeasible approach[Touretzky 1986] permitsthe morespecificinformationto

overrulethemoregeneralinformation thusresolvingtheconflict.

In somecasesit might beusefulto introducethedistinction betweenconceptsand

role. Accordingto Sowa, [Sowa2000,page80]:

a rolecharacterisesanentityby somerole it playsin relationshipto an-
otherentity. ThetypeHumanBeing,for example,is aphenomenaltype
thatdependsontheinternalform of anentity;but thesameentitycould
becharacterisedby therole typesMother, Employee,or Pedestrian.

Rolesarealsodefinedin DescriptionLogics[Borgida1996],wherethey areinter-

pretedasbinaryrelationsbetweenobjects.

Dependingon the expressive power requiredfrom the applicationthat needsthe

ontologywe might applyall theseconceptualprimitives. However, a carefulcon-

ceptualanalysisis neededto understandwhich primitives to useandhow to use
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them,for exampleto decidewhenanobjectis to bemodelledasa conceptor asa

role.

2.4 Different typesof ontologies

The ontologiespresentedin the literaturecanbe classifiedaccordingto different

dimensions,which rangefrom thelevel of generalityof theconceptsthey describe,

to the type of knowledgethey model(be it relatedto the domainor the task). In

this sectionwe presentthemostcommonlyusedclassificationsof ontologies. The

overview presentedin thissectionis by nomeansexhaustive,wehavechosenthose

classificationsthatarerelevant to the topic of the thesisandthatarereferred to in

thefollowing chapters.

Thefirst dimension thatcanbe usedto classifyontologyis the level of generality

thatis usedin thedescriptionof adomain.It is possible to distinguishthefollowing

typesof ontologies[Guarino1998]:

� Top-level ontologies:thiskind of ontology describesverygeneralconceptsor

common-senseknowledgesuchasspace,time, matter, object,event,action,

etc.,whichareindependentof aparticularproblemor domain.

� Domainontologies:thiskind of ontologydescribesthevocabulary relatedto

agenericdomainsuchasmedicineor physics.

� Taskontologies: this kind of ontology describesthe vocabulary relatedto a

generictaskor activity suchasdiagnosis or selling.

� Application ontologies: this kind of ontologydescribesconceptsdepending

bothonaparticulardomainandonaparticulartask.They areoftenaspecial-

isationof bothdomainandtaskontologiesandcorrespondto therolesplayed

by domainentitieswhenthey performcertainactivities.
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Van Heijst andcolleaguesproposeto classifyontologies accordingto two dimen-

sions,which aretheamountandthetypeof structure of theconceptualisation and

thesubjectof theconceptualisation [vanHeijstet al. 1997].

� Amount and type of structureof the conceptualisation: This dimension is

mainly concernedwith the level of granularityof the conceptualisationand

thuscanbesubdividedinto:

– Terminological Ontologies: theseare not strictly speakingontologies

but just lexiconsthat specify the terminology which is usedto repre-

sentknowledge in the domainof discourse.They do not representthe

semanticsof theterms;

– InformationOntologies: they specifythe recordstructureof databases

(for example,databaseschemata).They provide meansto recordthe

basicobservationsconcerninginstancesof thedatabase,but they donot

definetheconceptsthatareinstantiatedby theseinstances;

– Knowledge Modelling Ontologies: they specify conceptualisations of

knowledge.They arestructurallyricher thanknowledgemodelling on-

tologies and are often specifiedaccordingto a particular use of the

knowledgethey describe;

� Subjectof theconceptualisation:Thisdimensionconcernsthetypeof knowl-

edgethat is modelledin the ontologies. Four categoriesare distinguished

alongthisdimension:

– ApplicationOntologies:specifythoseconceptsthatarenecessaryin or-

dertomodeltheknowledgerequiredfor aspecificapplications.Usually,

applicationontologiesspecialisetermstakenfrom moregeneralontolo-

giessuchasthedomainandthegenericontologiesdescribedbelow and

mayextendgenericanddomainknowledgeby representingmethodand
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task-specificcomponents.Applicationontologiesarenot reusable,they

reuseknowledgewhichmaybemodelledin ontologylibrariesby tuning

it for thespecificapplication at hand;

– DomainOntologies:specifythoseconceptsthatarespecificof apartic-

ulardomain.Knowledgeengineersdraw a line betweendomainontolo-

giesanddomainknowledge, wherethe former hasontological nature

andthelatterepistemic.Domainknowledgedescribesfactualsituations

in certaindomainswhereasdomainontologiesspecifytheconstraintsto

applyonthestructureandthecontentof thedomainknowledge. But the

distinction betweenwhat is ontological andwhat is epistemological is

quitesubtle,andthereforesucha line oftencannotbedrawn tooneatly.

Thispoint is furtherdiscussedin Section4.3.1;

– GenericOntologies:specifyconceptsthataregenericacrossmany fields.

Conceptsin thedomainontologiesmayspecialisethosein thegeneric

ontologiesin orderto tunethemto aparticulardomain.Genericontolo-

giescorrespondto the top-level ontologies in Guarino’s classification

presentedabove; they typically defineconceptslike state,event, pro-

cess,action,etc.

– RepresentationOntologies:explicateconceptualisationsunderlyingknowl-

edgerepresentationformalisms.They providearepresentationalframe-

work withoutmakingclaimsabouttheworld, becausethey aremeantto

beneutral with respectto theworld. Domainandgenericontologiesare

describedby meansof theprimitivesgivenin therepresentationontolo-

gies.A typicalexampleof representationontologiesis theFrameOntol-

ogyof Ontolingua[Farquharet al. 1997],whichprovidestheprimitives

to usefor building domainontologies.

Ontologiesdiffer alsoin thedegreeof formality by whichthetermsandtheirmean-

ing areexpressedin theontology, asin [UscholdandGruninger1996]. Here,the
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knowledgeexpressedin theontology might bethesame,but they differ in theway

in which it is expressed.

In discussing how formally ontologiesaredescribed,it makes littl e senseto talk

aboutcategories,becausethedegreeof formality is betterthoughtof asacontinuum

ratherthanasetof classes.Nevertheless,wecansetfour pointsin thiscontinuum:

� Highly informal: arethoseontologiesexpressedin naturallanguage.Term

definitionsmight beambiguousdueto theinherentambiguity of naturallan-

guage;

� Semi-informal:theseontologiesareexpressedin a restrictedandstructured

formof naturallanguage.Restrictingandstructuringnaturallanguageachieves

improvementin clarity andreductionin ambiguity;

� Semi-formal:theseareontologiesexpressedin artificial languageswhichare

formally defined,suchasOntolingua[Farquharet al. 1997];

� Rigorouslyformal: theseareontologies whosetermsarepreciselydefined

with formal semantics,theoremsand proofs of desiredpropertiessuchas

soundnessandcompleteness.

Along the sameline, McGuinnessin [LassilaandMcGuinness2001] “classifies”

ontologieson thegroundof their expressiveness,that is, on thegroundsof the in-

formationthat the ontologyneedsto express. In fact, dependingon the different

typesof interpretationwhichareassociatedwith thewordontology (assummarised

in Table2.1),we candistinguish betweenlessor morecomplex notions of ontolo-

gies, which may rangefrom a controlled vocabulary, to a glossary, to reach,at

theotherendof this spectrum,ontologieswhich alsoprovide generallogical con-

straintssuchasdisjointness,inverse,partof, etc.Thepoints they distinguishin the

spectrumare:
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� Controlledvocabularies:a vocabulary is thesimplestpossiblenotionof on-

tology, that is a finite list of terms. A typical exampleof this category are

catalogues.Indeed,cataloguesprovide termswith anunambiguousinterpre-

tation,but nothingmore;

� Glossaries:they area list of termsand their meanings.The meaningsare

usuallyexpressedin naturallanguagestatements which arechiefly aimedat

humans.Thesestatements,however, areambiguousandcannotbe usedby

computer agents;

� Thesauri:addto glossariesthesemanticsemerging from thedefinitionof the

relationsbetweenterms,suchasthesynonym relationship. Typically, they do

not provide anexplicit hierarchicalstructure,although this canoften be de-

ducedby broaderor narrower termspecifications.Therelationshipsdefined

in a thesauruscanoftenbeinterpretedunivocallyby acomputeragent;

� Informal Is-a hierarchies:this category includesmany of the ontologieson

theweb. Theseareontologieswherea generalnotion of generalisationand

specialisationis providedalthoughit is notstrictsubclasshierarchy. A typical

example is Yahoo!, which providesa small numberof top-level categories,

but doesnotprovideanexplicit hierarchicalstructure,andits hierarchyis not

a strict subclassof the Is-a hierarchy. In hierarchiesthat arenot strict Is-a

hierarchiesit is not alwaysthecasethatan instanceof a morespecificclass

is necessarilyaninstanceof a moregeneralclass,thereforeinheritance(with

or without exceptions) cannotbeassumedhere;

� Formal Is-a hierarchies:theseareontologieswhereconceptsareorganised

accordingto astrictsubclasshierarchy. Thus,for theseontologiesinheritance

is always applicablebecauseit is always the casethat if a concept � is a

superclassof the concept�ts , thenany subclassof � mustnecessarilybe a

subclassof � s . Theseontologiesincludemayonly classnames;
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� Formalinstances:ontologiesincluding formal instancerelationsareanatural

extensionof ontologiesenforcingastricthierarchicalstructure.Indeed,some

classificationschemesincludeonly classnames,aswehavepointedoutwhen

discussingstrict subclasshierarchies.Whenformal instancerelationshold,

the ontologies include also the contentconcerninggroundindividuals and

their relationshipswith theconceptsthey instantiate;

� Frames(descriptionof conceptproperties):theseareontologieswhosecon-

ceptsaredescribedin termsof their characteristicproperties.For example,

a conceptBook might be describedin termsof featureslike title, author,

publisher, etc.Theinclusionof propertiesin theconceptdescriptionbecomes

moreinteresting wheninheritancecanbeappliedto theseproperties,andthus

propertiescanbespecifiedfor amoregeneralconceptandbeinheriteddown

thehierarchyby morespecificconcepts;

� Valuerestriction: theseontologiespermit to apply restrictionson thevalues

associatedwith properties.For example,in describingtheconceptBook we

might restrict the valueto associatewith the propertyAuthor to be com-

posedof maximum two names.Theserestrictionsareusuallyto beinherited

by the sub-conceptsof the conceptwherethey arestatedfor the first time,

which clearly posesa problemwhen the type of hierarchicalrelation sup-

portedby theontology is notastrict subclassrelation;

� Generallogicalconstraints:theseontologiesarethosewith therichestexpres-

siveness. For example,propertiesmightbebasedon mathematical equations

which usevaluesfrom otherpropertiesor propertiesmight be expressedas

logical statements.This type of ontology is usuallywritten in very expres-

sive ontology languages,suchas Ontolingua [Farquharet al. 1997] which

permit thespecificationof first orderlogic constraintson conceptsandtheir

properties.

Page32



Chapter2 Theoreticalfoundationsof ontologies

Generallyspeaking,we canrecognisea numberof propertiesthatshouldbeappli-

cableto ontologies,althoughthereis adifferencein theextentto which they apply.

In thisthesiswetaketheview of LassilaandMcGuinness[LassilaandMcGuinness

2001]andweassumethatthepropertiesin Table2.2holdfor anontologyapartfrom

thoseconcerningaxioms, sincethis thesisdoesnotdealwith axioms.

To completethediscussion presentedin theprevioustwo sectionsweconcludewith

a quotefrom theSRKB (SharableRe-usableKnowledge Bases)mailing list which

is reportedin [UscholdandGruninger1996]. This quotesummarisesquitenicely

the natureof ontologies,the variouswaysthey canbe expressed,andthe context

wherethey canarise.

Ontologies are agreementsaboutsharedconceptualisations. Shared
conceptualisations include conceptualframeworks for modelling do-
mainknowledge;contentspecificprotocolsfor communicationamong
inter-operatingagents;andagreementsabouttherepresentationof par-
ticular domain theories. In the knowledgesharingcontext, ontolo-
giesarespecifiedin theform of definitionsof representationalvocabu-
lary. A very simplecasewould bea typehierarchy, specifyingclasses
andtheirsubsumption relationships. Relationaldatabaseschemataalso
serve asontologiesby specifyingthe relationsthat canexist in some
shareddatabaseandtheintegrity constraintsthatmusthold for them.

2.5 Formal Ontologiesand philosophical issues

In this sectionwe presenta brief overview of the philosophicalbackgroundfrom

which stemsa particularbranchof theontological research,namelyformal ontol-

ogy.

Investigationsconcerningthenatureof being,andthusontology, constitutesanim-

portantissuein philosophy. Theoverview wepresenthere,therefore,is far from be-

ing exhaustive,but aimsonly to provide thefoundationsfor theissuesinvestigated

by formal ontology. A morethoroughillustration of thephilosophicalbackground
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1. Finite,controlledextensiblevocabulary;

2. Unambiguousinterpretationof classesandtermrelationships;

3. Strict hierarchicalsubclassrelationshipbetweenclasses;

Furthermorethe following propertiesmay hold andwe considerthemtypical al-

thoughnotmandatory:

4. Propertyspecificationonaper-classbasis;

5. Individual inclusionin theontology;

6. Valuerestrictionspecificationonaper-classbasis;

Finally, the following propertiesare neithermandatorynor typical but might be

desirable:

7. Specification of disjointclasses;

8. Specification of arbitrarylogical relationshipsbetweenterms;

Table2.2: Propertiesapplicabletoontologiesaccordingto LassilaandMcGuinness
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of theontological discipline is givenby JohnSowa in [Sowa 2000]. Herewe men-

tion only theconceptsthatarefurtherinvestigatedin thecontext of this thesis.

Thefirst notionof ontology asphilosophical discipline datesbackto Aristotle who

definedit asthe scienceof beingas such, therefore,insteadof concentratingon a

classof beingsasspecialisticsciences,ontologystudies[Aristotle b]:

all speciesof beingquabeingandtheattributeswhichbelongto it qua
being.

Therefore,in Aristotle’s view, ontology is thedisciplinewhich tries to give anan-

swerto questions suchasWhatis being?. Sucha questionmight seemout of the

scopein anartificial intelligencecontext, but it becomesmorerelevantwhenrefor-

mulatedasWhatare thepropertiesthatcanbeascribedto a thing in order for it to

beconsideredbeing?Aristotle [Aristotle a] answeredthequestionby developinga

systemof categoriesfor classifyinganythingthatmaybepredicatedaboutanything

in theworld. Theemphasesof this categorisation wason thephysicalworld to be

consideredastheultimatereality, andsosensoryexperienceasreactionto external

stimuli wasabstractedinto intangibleandunchangingmathematicalformsor ideas.

Thecategorisationproposedby Aristotlehadbeenwidelyaccepteduntil Kant[Kant

1965]presenteda first majorchallengeto suchsystem.In devising his categorisa-

tionsystem,Kantemphasisedthatanumberof conceptscouldbeassociatedapriori

with objects,andthat thenumberof theseconceptscorrespondsto thenumberof

thepossible logical functions.Kant developedhis own systemof categorieswhich

wasmeantasa framework for organising theAristotelian categories. This frame-

work wasorganisedinto four classes,eachof which presentinga triadic pattern.

Kant’swork becameasourceof inspirationfor theGermanphilosophers,whotried

to find anexplanationfor thetriadicpatternof hiscategories.

Amongthosewho have beeninfluencedby Kant’s work, althoughindirectly, there

is Husserl,who introducedthe notion of formal ontology. Husserlcriticised the

approachto logic assimple calculuswhich did not take into accountthe meaning
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QUANTITY QUALITY RELATION MODALITY

Unity Reality Inherence Possibility
Plurality Negation Causality Existence
Totality Limitation Community Necessity

Table2.3: Kant’ssystemof categories

on thesymbolsused,andproposeda logic of ideal contentin which he identified

six topicsof interest,thatis: meaningandexpression, genusandspecies, partsand

wholes, the role of grammarin combiningmeanings, intentionalexperiencesand

their contents, andfinally knowledge in termsof meaningintentionand meaning

fulfillment.

In particular, in [Husserl1982]heemphasisedtheroleof intentionality in directing

attentionto an objectof perceptionandnamedthis directionof investigationphe-

nomenology.

As partof his investigationin phenomenology hedistinguishedtheconceptof ma-

terial ontology, which roughlycorrespondsto thenotionof an ontology (in theAI

sense)on a specifictopic (suchas,for example,law asopposedto biology) from

theoneof formal ontology, which correspondsto Aristotle’s ontology. Therefore,

theconceptof formal ontology is quitecloseto thatof top-level ontology in Guar-

ino’sclassificationor general ontology in VanHeijstandcolleagues’classification,

that is ontologiesthat describeconceptsso generalthat they aresharedacrossall

domains.Thetaskof formal ontologyis to determineunderwhich conditionspos-

sibility appliesto anobjectin generalandwhataretherequirementsthathaveto be

satisfiedby theway theobjectis constituted.

More recentlyCocchiarella,in [Cocchiarella1991],definedformalontology asthe

systematic,formal, axiomatic developmentof the logic of all formsand modesof

being. Thereis noagreementontheinterpretationof thedefinitionof formalontol-

ogyandit is still unclearhow Cocchiarella’sdefinitionrelatesto Husserl’swork on
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formal ontology. However, Cocchiarella’s definitionnicely reconcilesthepossible

interpretationsof formal asboth rigorous andconcernedwith the formsof being.

Accordingto GuarinoandGiaretta,formal ontology is not so concernedwith the

existenceof someobjects,aswith therigorousdescriptionof their formsof being,

thatis their structuralfeatures.

In thisview wecansaythatformalontologyis thetheoryof thedistinctions,which

canbeappliedindependentlyof thestateof theworld, thatis:

� distinctionamongtheentitiesof theworld (physical object,events, regions,

etc.),and

� distinction amongthe meta-level categories which are usedto model the

world (concept,property, role,state,etc.).

Basedon the previous notion of formal ontology, GuarinoandWelty [Welty and

Guarino2001] have developeda formal ontological analysismethodology called

OntoCleanwhichwe introducein thefollowingsubsection.

2.5.1 Formal ontologicalanalysis

OntoCleanis a methodology for theevaluation of ontological decisionsthatmakes

full useof the formal propertiesof ontologyconcepts.A full descriptionof this

methodology canbefoundin [Welty andGuarino2001].

OntoCleanprovidesmeansto evaluateontologiesbuilt with knowledgeengineering

methodologies,suchastheoneby UscholdandGruninger[UscholdandGruninger

1996] andMethontology [Gómez-Ṕerez1998]. OntoCleanusesformal ontologi-

cal tools thatcanhelp to verify that the taxonomic structurebuilt usingoneof the

aforementionedmethodologiesdoesnot presentinconsistenciesandis litt le or not

tangled.Thetaskof theformalontologicalanalysisis toestablishwhataretheonto-

logicalpropertiesthatconstrainthewayin whichtherepresentationalprimitivesare
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usedto modelthedomain[GuarinoandWelty 2000c]. Theformal propertiespro-

posedin OntoCleanfocusparticularlyon conceptsandthe propertiesof concepts

do not explicitly contributeto determinewhich formal propertieshold. Thereason

why suchconstraintsareneededis thatwhenmodelling a domaintherearea num-

berof waysof modelling thesameknowledge,andthechoiceof oneapproachover

theothersis left to theexperienceandthebackgroundknowledgeof theconceptual

modeller. GuarinoandWelty focusonthebasicnotionsandtheoriesderivedby the

philosophical investigationto drive themodelling efforts.

In particular, Methontology andOntoCleanarecomplementary methodologies. In

fact, Methontology providesthe guidelinesfor building or re-engineeringontolo-

gies,whereasOntoCleancanbeusedeitherin thevalidationstep(whenontologies

are engineeredor restructured)or simultaneouslywith the ontology construction

(whenontologiesarebuilt from scratch).Indeed,OntoCleancanassistknowledge

engineersin building theclassificationtreewhich is the objectof Methontology’s

conceptualisationphase. Thesetwo methodologiesare currently undergoing an

integrationprocess[Ferńandez-Ĺopezet al. 2001] aspart of the activities of the

OntoWeb specialinterestgroup on Enterprise-standardsOntology Environments

(SIG’shomepage:http://de licias.di a.fi.upm. es/ ontow eb/sig-

tools/ind ex.html ).

The formal tools of ontological analysisare somebasicnotionsof formal onto-

logical propertiesthathavebeenanobjectof studyin philosophy for centuries.By

establishingwhichof thesepropertiesholdswecancheckwhetherthechoicesmade

in modelling theconceptsincludedin theontology andin structuringtheconcepts’

hierarchyaresound.

The philosophical notionson which OntoCleanbuilds are four, namely: identity,

essence, unity, anddependence.

IDENTITY: Identity is thelogical relationof numericalsameness,in which a thing

standsonly to itself. Basedontheideathateverythingis whatit is andnotanything
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else,philosophy hastried for a longtimeto identify thecriteriawhichallow a thing

to beidentifiedfor whatit is evenwhenthesamething is cognisedin two different

forms,by two differentdescriptionsand/orat two differenttimes[Wiggins 1967,

Hirsch 1982]. This comprisesboth aspectsof finding constitutive criteria (which

featuresa thingmusthave in orderto bewhatit is), andof finding re-identification

criteria (which featurea thing hasto have in order to be recognisedassuchby a

cognitiveagent).Thesearedistinct,althoughequallyimportantaspectsof identity.

Although theproblemof identifying whatfeaturesanentityshouldhave in orderto

bewhatit is andrecognisedassuchhasbeencentralto philosophy, it did not have

thesameimpactin conceptualmodelling andmoregenerallyAI. Oneof theclaims

of theOntoCleanmethodology thatwesubscribeto totally is thattheability of iden-

tifying individualsis centralto themodellingprocess.Wecanfurtherelaboratethis

pointby observingthatis not themereproblemof identifyinganentityof theworld

that is centralto the ontological representationof the world, but the ability of re-

identifying an entity in all its possibleforms, or moreformally re-identificationin

all thepossible worlds� . That is, theproblemis relatedto distinguishing a specific

instanceof aconceptfrom its siblings on thebasisof certaincharacteristicproper-

tieswhichareuniqueandintrinsic to that instancein its whole.

This notion is, of courseinherentlytime dependent,sincetime givesrise to a par-

ticular systemof possibleworldswhereit is highly likely thatthesameinstanceof

a conceptexhibits differentfeatures� . This problemis known as identity through

change, an instanceof a conceptmay remainthe samewhile exhibiting different

propertiesat different instantsof time. Thereforeit becomesimportant to under-

standwhichfeaturesor propertiescanchangeandwhichcannot[GuarinoandWelty

2000a],andwemayaddalsothesituationsthatcantriggersuchachange.

If we reformulatethe identity problemasre-identification we realisethat alsore-

u
Somephilosophers,e.g. Lewis [Lewis 1993, page 39 ff], hold that thereis no suchthing as

trans-world identity, although objects in oneworld canhavecounterpartsin otherworlds.v
Herethecounterparttheorydoesnothold,andsoidentity throughtime is alwaysaccepted.
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identificationis affectedby time; how canwe re-identify thesameinstanceat dif-

ferentinstantof times?

We facethere-identificationproblemin everydaylife; we areableto recognisethe

featuresthatpermitsto distinguishaninstancefrom theothers,andwhenthesefea-

turesarenot intrinsic to the instance,we ‘attach’ artificial features,that permit to

establishidentity. Oneexample is the StudentID, which is assignedto university

students,in orderto identify thestudentunivocally.

UNITY: thenotionof unity is oftenincludedin amoregeneralisednotionof identity,

althoughthis two notionsare different. Kant [Kant 1965] includedunity in his

primitive categoriesdescribingquantity (seeSection2.5 above). While identity

aimsto characterisewhatis uniquefor anentityof theworld whenconsideredasa

whole,thegoalof unity is thatof [GuarinoandWelty 2000a,page99]:

distinguishing the parts of an instancefrom the restof the world by
meansof a unifying relation that binds themtogether(not involving
anythingelse).

For example,thequestion‘Is thismycar?’ representsaproblemof identity, whereas

thequestion‘Is thesteeringwheelpartof my car?’ is a problemof unity. Also the

notion of unity is affectedby the notion of time, can the partsof an instancebe

differentatdifferentinstantsof time?Thisproblemis alsoknown asindividuation.

ESSENCE: Thenotionof essenceis strictly relatedto thenotionof necessity[Kant

1965].An essentialproperty is apropertythatis necessaryfor anobject,or, in other

words,apropertythatholds,thatis truein everypossibleworld [Lowe1989].Based

on thenotionof essence, Guarinoandcolleagues[Guarinoet al. 1994]have intro-

ducedthe notion of rigidity, to representthe strict connectionthat thereexist be-

tweentimeandmodality[Kant 1965],[Kripke1980].A rigid propertyis aproperty

thatis necessaryto all instances,thatis aproperty w suchthat: (yxzw39`x ; B {nw39`x ; .
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In [TammaandBench-Capon 2001a,TammaandBench-Capon2001b]we have

highlightedhow thenotionof rigidity dependson thatof timeandmodality; more

recentlyGuarinoandWelty have extendedthedefinitionof rigidity by formalising

thisrelationship,soarigid propertyw is suchthat {|9}(yx �	~ w�9�x �	~�; B {�( ~ s�w�9�x �	~ s ;	; .
It is importantnottoconfusemodalnecessitywith temporalpermanence.Modalne-

cessitymeansthatthepropertyis true,in everypossibleworld, time is undoubtably

onepartitionof theseworlds,however time permanencemeansthatthepropertyis

truein thatworld (time),with no informationconcerningtheotherpossibleworlds,

andthismighthappenby purechance.

DEPENDENCE: Husserlintroducedthe distinction betweendependenceand inde-

pendence[Husserl1982]. In theOntoCleanmethodology thenotionof dependence

is consideredrelatedto properties.In this context dependencepermitsusto distin-

guishbetweenextrinsic and intrinsic propertiesbasedon whetherthey dependor

notonobjectsotherthantheonethey areascribedto. Intrinsic propertiesarethose

characterisinginherentlyan object, and they do not dependon any otherobject.

Extrinsic propertiesareusuallyassignedby someexternalagent,andthusarenot

inherent.Intrinsic propertiesaregoodcandidatesto becameidentity conditions as

long asthey univocally identify anobject;whenthey do not thenextrinsic proper-

tiesmaybeassignedin orderto identify theobjectunivocally.

Thesefour notionsarefurtherdiscussedin Chapter4, wherethey arerelatedto the

ontology modelthatis themaincontributionof this thesis.

In theOntoCleanmethodologytheseformalpropertiesareusedto improvethetaxo-

nomicstructureof theontology, but their importanceis notconfinedto constraining

the useof subsumption in hierarchies,asthey arealsoextremelyuseful in under-

standingwhich modelling primitivesaremostappropriatefor thedomainto repre-

sent. For example,in modelling theentity of theworld student we might have

to decidewhetherthis is a conceptor a role. By applyingtheformal tool of onto-

logical analysiswe canrealisethatbeinga studentis not a rigid property, asthere
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might exist a world wherea personis not a student.Oneof theconditionsfor an

objectto bea role is thatit is not rigid, sostudent is morecorrectlymodelledas

a roleandnotasaconcept.

Themain limitationof OntoCleanis that it doesnot take into accountconceptde-

scriptionsin orderto assignformal propertieswith concepts.Besides,it is mainly

basedontheknowledgeengineers’understandingof aconcept,andthusis notvery

objective.

The main goal of this thesisis to provide a set of meta-propertiesfor attributes

which providea bettercharacterisationof attributesandtherole they play in defin-

ing a specificconcept.Thesemeta-properties,which we presentanddiscussmore

in detail in Chapter4, areMutability , Mutability Frequency, Event Mutability ,

Reversible Mutability , Modality , Prototypicality, Exceptionality, Inheritance,

Distinction. This setof meta-propertiesnot only providesa characterisationof at-

tributesthat providesthe conceptof a richer semanticsbut they alsocanbe used

to complementontoclean,in that they canbe usedto guideknowledgeengineers

in determiningidentity, rigidity, andidentity conditions. Thesemeta-propertiescan

alsobeusedto disambiguate themeaningof conceptsthatseemsimilar but areac-

tually different. Indeed,conceptshave to be consideredsimilar if they show the

sameproperties(attributes)and theseshowthe samebehaviourin the concept’s

definition. We will examinethe problemof assessingconceptssimilarity andthe

problemsthatcanhindersuchprocessin next Section.
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Chapter 3

The role of ontologiesin knowledgesharing
and reuse

3.1 Intr oduction

In Chapter2 (Section2.2)we have introducedtheconceptof ontologyandthedif-

ferentmeaningsthatthiswordhastakenin theliterature,from thephilosophicalone

thatdatesbackto Aristotle to themorerecentmeaningsassociatedwith thewordin

thefield of Artificial Intelligence.

In thischapterwefocusourattentionontheroleplayedby ontologiesin knowledge

sharing.Theadvanceson theInternethave madeit availablea largenumberof di-

verseknowledgesourceswhosecontentmodelsaparticularviewpoint concerninga

domain.Their contentneedsto bereconciledandcombinedin orderto geta richer

understanding of adomainandto addvalueto thediverseknowledgesources.

This chapterpresentsanoverview of knowledgesharingandreuseandfocuseson

the roles that ontologies play in this context. We here illustrate the diverseap-

proachespresentedin the literatureandwe sketcha novel proposalfor knowledge

sharing,namelyontologyclustering, whichmotivatestheontology modelthatis an

objectof this thesisandthatis presentedin next chapter.

The structureof this chapteris the following: Section3.2 illustratesthe knowl-

edgesharingproblem,Section3.3 introducesandclarifiestheterminology we use

throughout thechapter, while Section3.4 discussesagentarchitecturesfor knowl-

edgesharing.Section3.5presentsanoverview of thedifferenttypesof heterogene-
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ity thatcanaffect knowledgesources,Section3.6presentsthedifferentapproaches

to knowledgesharingandtherolesplayedby ontologies;thedifferentapproaches

areanalysedin following sub-sections.Section3.7 presentsa novel approachto

knowledgesharingbasedon an hierarchicalstructureof multiple sharedontolo-

gies, eachpermitting the sharingof knowledge at different levels of abstraction.

This novel approachis basedon theability of assessingsemantic similarity among

conceptsbelongingto differentontologies.Differentmeansto assesssemanticsim-

ilarity areillustratedin Section3.7.3.Finally, wedraw conclusions.

3.2 Knowledgesharing and reuse

The lastdecadehasseena deepchangein theway intelligentsystemsarebuilt. It

hadalreadybeenrecognisedthatcapturingknowledgewasthekey to building large

andpowerful intelligentsystems, andmany toolswereprovidedto assistknowledge

engineersin thedifferentactivities involvedin building suchsystems.Knowledge

acquisition,that is theprocessof collectingknowledge from a humandomainex-

pert andformalising it, hasproved to be extremelycomplex andtime consuming

(knowledge acquisition bottleneck). Acquiring andformalisingknowledgecanse-

riously hamperthebuilding from scratchof very largeknowledgebases,although

it couldbenoticedthat,whenbuilding knowledgebases,evenfor very diverseap-

plications(suchasmedicineor electronics)therearesomegeneralnotions thatare

commonacrossthedomains. For examplebothmedicineandelectronicssharethe

notionof diagnosis, althoughat averygenerallevel.

A possible approachto this problemis to try to isolatetheknowledgecomponents

which are sharedacrossdifferent domainsand representthem in a way general

enough,sothatthey couldbereusedin differentapplications,following thesimilar

approachin softwareengineering.Thiswastheaimof theARPA KnowledgeShar-

ing Effort [Necheset al. 1991] which proposedan approachin which knowledge

sharingwasubiquitous,andtheprocessof building anew knowledgebasereliedon

Page44



Chapter3 Theroleof ontologiesin knowledgesharingandreuse

thereuseof knowledgecomponents.

Thetermsharingdenotessharingby multiplepersons,acrossmultipleapplications,

and in multiple contexts. In someapplicationsthe term comprisesthe meanings

sharing, reuse, andexchange, eachof whichmayhaveaspecifictechnicalmeaning.

In particular, by reusewe meantheuseof knowledgeby oneor moreapplications

at differenttime; by sharingwe intendtheuseof thesameknowledgeby multiple

applications at thesametime, while by exchange we refer to thecopying of infor-

mationfrom oneapplicationto another. Sharing,reuseandexchangearestrictly

intertwined. Indeed,explaining how to reusea componentoftenrequirescommu-

nicatingsubtle issuesthat aremoreeasilyexpressedformally; theseexplanations

(which might beexpressedmoreor lessformally) requiresharedunderstandingof

theintendedinterpretationsof terms.Thereuseof sourcespecificationsis only fea-

sibleto theextentof their view of thedomainis compatiblewith theintendednew

use.In this thesis,we disregardthedifferencesin meaningbetweensharing,reuse

andexchange,andwe collectively refer to refer to themasknowledge sharingand

reuse.

The literaturedistinguishesthe type of knowledgecomponents thatcanbe shared

andreusedin ontologies, thatis ‘knowing what’, andproblemsolvingmethods, that

is ‘knowing how’ [Uscholdet al. 1998]. In this chapterwe focusour attentionon

the sharingof ontologiesandwe disregardthe sharingof problem-solving meth-

ods,althoughwe acknowledgethat thesetwo knowledgecomponents arestrictly

intertwinedandthatthenatureof the‘knowing how’ necessarilyaffectstheway in

which the ‘knowing what’ is represented.This problemis known in the literature

asinteractionproblem[BylanderandChandrasekaran1988].

Building intelligentsystemsin a way that savestime andis costeffective canbe

achieved by adaptingknowledgefrom existing applicationsinto the new system.

This might meanreusingsoftwareand/orsharingknowledge[Gómez-Ṕerez 1998].

Softwareengineeringprovidesuswith theguidelines,methods,andtechniquesto

applyin orderto reusesoftwaremadeby others.If thesystemto reuseis a knowl-
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edgebasedonethenthereuseconcernsnotonlysoftwarebutalsoknowledge,which

impliesidentifying theknowledgeandtheinferenceenginesthatcanbereused.In

[Gómez-Ṕerez 1998] theauthordiscussestheproblemsthatmight beencountered

whenknowledgeis to besharedandreused.We have classifiedtheseproblemsin

two big categories:

1. Heterogeneityproblems;

(a) Heterogeneityof knowledge representationformalism;

(b) Heterogeneityof theimplementation languages;

(c) Lexical problem. This problemis alsoknown in knowledge representa-

tion asimplicit inconsistenciesproblem[Morgenstern1998];

(d) Synonymity;

2. Backgroundassumptionsproblems;

(a) Hiddenassumptions;

(b) Lossof commonsenseknowledge.

Heterogeneityproblemshavebeenstudiedat length,especiallyin thedatabasearea

[March 1990,Kim andSeo1991].They arefurtherdiscussedin Section3.5.

Backgroundassumptionsproblemsarecausedeitherby the,oftenhidden,assump-

tionsunderwhichanintelligentsystemis built (for example,thetypeof theoryused

to representtime) [Lenat1995b]or theassumptionson commonsenseknowledge

thataretakenfor granted.Thatis, thespecificationof someknowledgecomponents

is not madeexplicit becauseit is assumedto be commonknowledge. Ontologies

canprove helpful in dealingwith bothheterogeneityandbackgroundassumptions

problems;in thefirst casethey provide a warehouseof vocabulary thatcanbeused

to solve heterogeneity, in thesecondcaseontologiescanprovideanexplicit speci-

ficationof thecommonsenseknowledgeusedandof thehiddenassumptionsmade
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while building thesystem.This point is furtherdiscussedin Chapter4, wherewe

presentanontologymodelwhich forcesknowledgeengineersto make thehidden

assumptionsexplicit.

Finally, in building intelligentsystemsknowledgecould be sharedwith otherap-

plications alreadybuilt. In suchanapproach,knowledge sourcesareconsideredas

agentsdistributedin anagentnetwork [Gómez-Ṕerez1998]. Agentsprovide each

otherwith problem-solvingservicesandcarryout thesetasksautonomouslyandin-

dependently. Interoperationbetweenagentsis obtainedby theagents’commitment

to usea sharedvocabulary andto associatea commonmeaningwith the termsof

thevocabulary. Agentsarchitecturesfor knowledgesharingarebriefly introduced

in Section3.4.

In this thesiswe specificallyaddressthe sharingof ontologies, that is the sharing

of formal andexplicit specificationsof the conceptualisationsusedto model the

domainsof interest.

3.3 Terminology of knowledgesharing

Ontologies have movedout of the researchenvironmentandhave becomewidely

usedin many expert systemapplications not only to supportthe representationof

knowledgebut alsocomplex inferencesand retrieval [McGuinness2000]. More

andmore,ontologiesaretheefforts of many domainexpertsandaredesignedand

maintained in distributed environments. For this reasonmany researchefforts are

now devotedto reusingandsharingtheknowledgeexpressedin diverseontologies

[Uscholdet al. 1998,Pintoet al. 1999].

However, thetaskof sharingontologiesis notsostraightforward,asmany problems

arisewhenindependently developedontologiesareusedtogether. Researchin this

areahasstartedtacklingmany issues,but many questionsarestill unanswered.

In the following sectionswe will introducethe problemshinderingthe processof

sharingand reusingontologies, but beforeproceedingby illustrating theseprob-
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lems, we needto clarify and definethe termsusedin the field. We have drawn

from severalworks([Pinto et al. 1999,FridmanNoy andMusen1999,Chalupsky

2000,Klein 2001]) andwe have identified the following terms,that we will use

throughoutthethesis,unlessdifferentlystated:

� INTEGRATING: The processof creatinga new ontology from two or more

existing ontologies.Thedomainof theintegratedontologiesis differentfrom

the oneof the resultingontology, but thereexist a relationamongthesedo-

mains. Termsfrom the integratedontologiescanbe usedas they are,spe-

cialised,adaptedor augmented[Pintoetal. 1999].

� AL IGNING: Theprocessof establishing links betweenthesourcesontololo-

giesandallowing the alignedontologiesto reuseinformationfrom onean-

otherwhile thesourceontologiesstill persist[FridmanNoy andMusen1999];

� MERGE: The processof building a singleontologythat is the mergedver-

sion of the sourceontologies. Often, the sourceontologiescover similar or

overlapping domains[FridmanNoy andMusen1999];

� COMBINING: Theprocessof usingtwo or moredifferentontologiesto per-

form a taskin which their mutualrelationis importantfor the taskat hand.

Combiningmight meanalign,mergeor integrate[Klein 2001];

� ARTICULATION: Thespecificationof thealignment,that is thesetof all the

sharedconceptsin alignedontologies;

� MAPPING: Theprocessof relatingconceptsor relationsfromdifferentsources

thataredeemedsimilaraccordingto somesimilarity function.It involvesthe

definitionof anequivalencerelation.It correspondsto virtual integration.

� TRANSLATION: Theprocessof changingtherepresentationformalismof an

ontologywhile preservingthesemantics;
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� TRANSFORMATION OR MORPHING: The processaiming to modify the se-

mantics(by performingabstractionsor semanticshifts),andpossiblytherep-

resentationformalismof conceptsandrelationsin the ontology in order to

make themsuitablefor purposesdifferentfrom theoriginal one[Chalupsky

2000];

� VERSIONING: Themethodto preserve consistency in the relationsbetween

newly createdontologies,theexisting ones,andthedatathatinstantiatethem

[Klein 2001];

� VERSION: Theresultof achangeor anupdateof anontologythatcancoexist

with theoriginalone[Klein 2001];

3.4 Agent architectur esand knowledgesharing

A knowledgeengineeringparadigmthat hasproved to be useful for dealingwith

the integration of heterogeneousknowledgeis basedon a multi-agentsystemar-

chitecture,wherehumanandsoftwareagentsinteroperateandsocooperatewithin

commonapplicationareas. Agentsin a multi-agentsystemare characterisedby

abstraction,interoperability, modularityanddynamism. Thesequalitiesarepartic-

ularly usefulin thatthey canhelpto promoteopensystemswhicharetypically dy-

namic,unpredictableandhighly heterogeneous[Jennings1995],asis theInternet.

In thesetypesof applicationdomains,theinteroperabilityofferedby themulti-agent

systemapproachis requiredbecausethe individual components that interactwith

agentsarenot known a priori. Additionally, this paradigmprovidesrobustnessand

flexibili ty of theinterfacesbetweenboththeagentsthatexist within theInternetand

betweenagentsandsoftwaresystems,this is essentialsincetheinterfacescannotbe

anticipatedat designtime.

Within a multi-agentsystem, agentsare characterisedby different “views of the

world” that areexplicitly definedby ontologies, that is, views of what the agent
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knows to be the conceptsdescribingthe applicationdomainwhich is associated

with the agent,togetherwith their relationshipsandconstraints[Falasconiet al.

1996]. The interoperability typical of multi-agentsystemsis achievedthroughthe

reconciliationof theseviews of theworld by a commitmentto commonontologies

thatpermitagentsto interoperateandcooperatewhile maintaining their autonomy.

In opensystems,agentsareassociatedwith knowledgesourceswhicharediversein

natureandhavebeendevelopedfor differentpurposes.Knowledgesourcesembed-

dedin a dynamicenvironmentcanjoin andleave thesystemat any time. Fromthe

ontologiesperspective,dealingwith opensystemsimpliesthatontologiesareoften

theeffortsof many domainexpertsandaredesignedandmaintainedindependently

in distributed environments. In sucha situationinteroperationbetweenagentsis

basedon the reconciliationof their heterogeneousviews, which is accomplished

by merging thediverseontologiesassociatedwith theagentscomposing thesystem

[Sycaraet al. 1998]. The merging of diverseontologieshasto be accomplished

bearingin mind that sinceagentsarehighly heterogeneous,they are likely to be

incapableof fully understandingeachother, so that both syntacticand semantic

mismatchescanarisewhichneedto bereconciled(seeSection3.5).

An agent’s ability to representdomainknowledgein a consistentmannerhasto be

complementedby somereasoningcapability. Accordingto Wooldridge andJen-

nings,[WooldridgeandJennings1995] an agentarchitectureis onethat contains

an explicitly represented,symbolicmodelof theworld, andin which decisions(for

exampleaboutwhat action to perform)are madevia logical (or at leastpseudo-

logical) reasoning, basedonpatternmatchingandsymbolicmanipulation � . There-

fore ontologies in multi-agentsystemsrequirea high degreeof expressive power

to supportthe applicationof reasoningtechniquesthat result in sophisticatedin-

ferences suchasthoseusedin negotiation, which is motivatedby the requirement

for agentsto solve problemsarisingfrom their interdependenceupononeanother

u
We arerestrictingthe discussionto deliberative agents, as it would not make senseto define

ontologiesfor purely reactive agents
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[Parsonset al. 1998].

Designing multi-agentsystemstodealwith thesharingof heterogeneousknowledge

sourcesgivesriseto therequirementfor ontologiesthatcanbeeasilyintegratedand

provide a basefor applyingreasoningmechanisms.In fact, thesharingof ontolo-

giesdependsheavily ona precisesemanticrepresentationof theconceptsandtheir

properties[FridmanNoy andMusen1999,McGuinness2000,TammaandBench-

Capon2000].

To recap,wementionheretwo mainadvantagesthatcanbeachievedby usingagent

architecturesfor sharingknowledge[Preeceet al. 2001]:

� Openness.Agentscandynamicallyjoin andleave a network, advertisetheir

capabilitiesto oneanotherandform alliancesin orderto performa specific

task,thereforethey areinherentlyopen;

� Knowledge-level communication. By meansof sharedontologieswhichper-

mit thecommitmentto asharedlanguageandto asharedinterpretationof the

symbols of the language,agentcommunication is performedat knowledge

level [Newell 1982]

3.5 Assessingheterogeneity between sources

Literaturein thefield hasrecognisedanumberof problemsthatcanhinderthepro-

cessof combining (that is, merging andintegrating) ontologies[Visseret al. 1998,

VisserandTamma1999,Chalupsky 2000,Klein 2001]. Theseproblemscanbe

broadlysummarisedby thetermheterogeneity, whichdenotestheaspectsin which

independently developed ontologies candiffer. Usually heterogeneityarisesfrom

differentdecisionsmadeduring the designanddevelopmentof ontologies[Visser

andTamma1999].

Whendealingwith heterogeneousknowledgesources/agents,onekey issueis un-

derstandingwhatformsof heterogeneityexist betweentheknowledgesourcesand
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whatarethemismatchescausedby them. Thevastamountof literatureon the in-

tegrationof heterogeneousinformation sourcesis sometimesconfusingregarding

thekindsof heterogeneityandthemismatchesthatcanarise,especiallywherethe

knowledgeengineeringanddatamodelling fieldsmeet.This makesit lesseasyto

comparethe differentapproaches[TammaandVisser1998,van Zyl andCorbett

2000].

An attemptto reconcileandcomparethe differentdefinitionspresentedin the lit-

eratureis givenby Klein [Klein 2001]andChalupsky [Chalupsky 2000]. We used

theseworksandtheoneby Visserandcolleagues[Visseret al. 1998]asa starting

point for thedefinitionsof thedifferenttypesof heterogeneitywe considerin this

thesis.

Heterogeneity(andthusthemismatchesit cancause)canbebroadlydistinguished

into non-semantic andsemanticheterogeneity[Kitakami et al. 1996]. The former

type of heterogeneityis alsocalledsyntacticor language heterogeneityin [Klein

2001],while thelatterisalsocalledontologyheterogeneityby Visserandcolleagues

[Visseretal. 1998].Syntacticheterogeneitydenotesthedifferencesin thelanguage

primitivesthatareusedto specifyontologies,while semanticheterogeneitydenotes

differencesin theway thedomainis conceptualisedandmodelled.

3.5.1 Syntacticor Languageheterogeneity

Languageheterogeneityoccurswhenontologieswritten in differentontologylan-

guagesare combined. In [Klein 2001] four typesof mismatch due to language

heterogeneityarerecognised.

� Syntax. Dif ferentontologylanguagesareoftencharacterisedby differentsyn-

taxes.Differencesin thelanguagesyntaxgive riseto mismatchesthatcanbe

resolvedby meansof rewrite rules.
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� Logical representations. This kind of mismatchis causedby differencesin

the representationof logical notions, andmoreprecisely, differencesin the

languageconstructsthat are usedto expresssomething. So, for example,

a languagemight permit the expressionof the OR operatorexplicitly, for

instanceby using the statement(OR, A, B) , whereasanotherlanguage

mayrepresentthesameconceptby theAND operatorandthenegationof the

classdeclaration,e.g. (AND, A, (NOT B)) .

� Semanticsof primitives. This is, to a certainextent, a moresubtlekind of

mismatchderiving from non-semantic heterogeneity. Indeed,it is causedby

differencesin thesemanticsof thelanguagestatements.Thesedifferencescan

besometimesquitedifficult to detect,sincetwo languagescanuseconstructs

with the samename,but slightly differentinterpretations, or sometimesthe

sameinterpretationmightbeassociatedwith constructswith differentnames.

� Languageexpressivity. Mismatchesdueto differencesin theexpressivity be-

tweentwo languagesarethosewhich have the mostimpacton the problem

of integrating/mergingontologies.Differencesin theexpressivepowerof the

languagesimply thatonelanguagecanexpresssomething thattheotherlan-

guagecannotexpress.For example,somelanguagessupportnegation while

othersdonot. A completecomparisonof differentontology languagescanbe

foundin [CorchoandGómez-Ṕerez2000].

3.5.2 Semanticor Ontology heterogeneity

Mismatchescausedby semanticheterogeneityoccurwhendifferentontologicalas-

sumptionsaremadeaboutthesamedomain.This kind of mismatchbecomesalso

evidentwhencombiningontologieswhichdescribedomains thatpartiallyoverlap.

In particular, mismatchesdueto ontology heterogeneitycanoccurwhile conceptu-

alisingand/orexplicating[Visseretal. 1998]thedomain.Visserandcolleaguesuse

Page53



Theroleof ontologiesin knowledgesharingandreuse Chapter3

thesetermsto referto thedefinitionof ontologygivenbyGruber[Gruber1993]stat-

ing that “An ontology is theexplicit specification of a conceptualisation” . That is,

theprocessof designing anontology is comprisedof two mainstages,theconcep-

tualisation of thedomainandthesubsequentexplicationof this conceptualisation,

andthe ideais thatontologyheterogeneitycanbe introducedin bothstagesof the

design[Visseret al. 1998]. Thesetwo stagescanbefurtherbrokendown into sub-

stages[VisserandTamma1999], andheterogeneitycanbe introducedin eachof

thesesub-stages.However, for thescopeof this thesis,we will just concentrateon

theconceptualisationandexplication stages,withoutgoinginto toomuchdetail.

Mismatchesdueto ontologyheterogeneitycan,therefore,besubdividedinto con-

ceptualisationandexplicationmismatches.

Conceptualisation mismatches

Conceptualisationmismatchesaresemanticdifferencesarisingfrom differentcon-

ceptualisationsof theconceptsandtherelationsin theontology domains.

� Model coverage and granularity. This type of ontologyheterogeneityoc-

curswhendifferentconceptualisations,andthusdifferentontologies,model

thesamepartof domaindifferentlybothwith respectof modelcoverageand

granularity. This is usuallythereasonwhy ontologiesaremerged.

For example,oneontologycanmodeltheconceptWine into thesubconcepts

White-Wi ne and Red-Wine and then further specify the two. There-

fore, the conceptWhite- Wine hastwo subconcepts,Chardonna y and

Riesling ; analogouslytheconceptRed-Wine is subdividedinto its sub-

conceptsBeaujo lais andChianti . Anotherontologymight modelthe

conceptWine into thesubclassesWhite- Wine andRed-Wine , only [Frid-

manNoy andMcGuinness2001]. Herewe have a problemof mismatchin

thegranularityof therepresentation,becausethe level of detail in which the

domainis modelleddiffersacrosstheconceptualisationsconcerningthetwo
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ontologies. In this caseit is not a matterof ‘how a conceptis described’

(which would be a problemof attribute-typemismatch), but a problemof

how theconceptualisationof thecommondomainis modelled.

A problemof modelcoveragewould ariseif eachdifferentontologymod-

elled only part of a domain. For example,one ontology could model the

conceptWine into thesubconceptsRed-Win e andRosé- Wine , whereas

anothercouldmodeltheconceptWine into thesubconceptsWhite-Wi ne

andChampagne. Here,thecoverageof thedomainis different,andmerging

thesetwo ontologieswouldprovidea richerunderstanding of thedomain.

� Scope. This mismatchoccurswhentwo conceptsor relationsin theontolo-

giesseemto bethesamebut theirextensions(thatis thesetof their instances)

arenot thesamealthoughthey arenotdisjoint. Relationsmismatchesalsoin-

cludemismatchesconcerningtheassignmentof attributesto concepts,since

thoserepresentrelationsbetweenconceptualentities[Woods1975].

Visserandcolleagues[Visseret al. 1998] further distinguish betweencate-

gorisationandrelationheterogeneitywhichin turnscausethefollowingtypes

of mismatches:

– Categorisationmismatch. Thiskind of mismatchoccurswhentwo con-

ceptualisationsidentify thesameconceptbut this hasdifferentsubcon-

ceptsin the ontologies. An exampleof categorisation mismatchcan

occurwhenoneconceptualisationsubdividestheconceptPerson into

thesubconceptsMale andFemale whereastheothersubdividesit into

thesubconceptsChild , Teenager andAdult . It concernsonly con-

cepts.

– Relationmismatch. It occurswhendifferentontologiesconceptualise

the samedomainby recognisingdifferenttypesof relations. It canbe

furtherbrokeninto:

� Structure mismatch. A structuremismatchoccurswhen the con-
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ceptualisationsdistinguish the sameset of conceptsbut differ in

theway theseconceptsarestructuredby meansof relations,whose

semanticsoverlap,althoughthey arenot equal. For exampleone

conceptualisationrelatestheconceptsBook andChapte r by the

relationis-ma de-of while theotherrelatesthemthroughthere-

lationhas-comp onent .

� Attribute-assignmentmismatch. An attribute-assignmentmismatch

occurswhen two conceptualisations differ in the way they asso-

ciateanattributewith otherconcepts.Visserandcolleaguesillus-

tratethismismatchproviding thefollowing example;let usassume

to have two conceptualisationsinvolving the conceptsvehicle ,

car andcolour , andthattheconceptcar is subclassof thecon-

ceptvehicl e. We have anattribute-assignmentmismatch if one

conceptualisationassociatestheattributecolour with theconcept

car while theotherassociatesit with theconceptvehicle .

� Attribute-typemismatch. This type of mismatchoccurswhendif-

ferentconceptualisationsdescribethesameconceptwith thesame

setof attributes,but the valuesassociatedwith the attributeshave

differenttypes.For exampletwo differentconceptualisationsmight

describetheconceptWine in termsof theattributeColour where

oneconceptualisationassociateswith thisattributetheset r@Q� *?~�� ,
�o���P�� , � �"��� , while theotherassociatestheset  � �"��� @Q� *?~���� . When

thetypesarejustencodeddifferently(for examplelengthexpressed

in kilometersor in miles) it becomesa caseof encodingmismatch

(seebelow). While encodingmismatchescanberesolvedquiteeas-

ily by definingmappingfunctionsconverting onevaluetype into

theother, casesof attribute-typemismatchesarenot sostraightfor-

ward.
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Explication mismatches

Explication mismatchesarisebecauseof differencesin thespecificationof thedo-

mainconceptualisation.Duringtheconceptualisationphasetheconceptsdescribing

thedomainareselected,in theexplication phasetheseconceptsaremadeexplicit,

usuallylabellingeachof themwith a term (which is oneor morewordsin natural

language)andassociatinga definitionwith eachterm,which couldbeexpressedin

naturallanguageor in a formalontology language.

We distinguishsix typesof mismatches,the first threeof themconcernthe mod-

elling choices,thefollowing two concernthechoiceof termsthatareusedto labela

conceptin theontology, while thelasttypeof mismatchconcernstheway in which

conceptsare encoded.This type of mismatchcovers, in part, the mismatchthat

Visserandcolleaguescall Attribute-typemismatch.

� Representation paradigm. This typeof mismatchdependsondifferentrepre-

sentationparadigmsusedto modelthesamedomain.It canbecameapparent

with conceptssuchastime,actions,plans,causality, etc. Anotherreasonfor

this typeof mismatchescouldbetheadoption of differentknowledge repre-

sentationparadigms.

� Top-level concepts. Top-level conceptsmismatchesarisebecauseontologies

differ in thetop-level ontologiesthey referto (seeSection2.4).

� Modelling conventions(Also known asconceptdescription in [Klein 2001]).

Modellingconventionmismatchesdependonmodellingdecisionsmadewhile

designing theontology. For instance,it is oftenthecasethatanontologyde-

signerhasto decidewhetherto modela certaindistinction by introducing

a separateclassor by introducinga qualifying attribute relation[Chalupsky

2000,FridmanNoy andMcGuinness2001]. Anotherexample of modelling

conventionsmight bethefollowing, let ussupposewewantto modelthecon-

ceptBird , anditssubconceptsRobin andPenguin , andtheirability tofly.
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Wecoulddosoby addingto theconceptBird theattributecan-fly which

takesvaluein the set �� � � ��� � � . This attribute is inheritedby the subcon-

cepts,becominga distinguishingattribute in that it allows us to distinguish

betweensiblingsof a sameconcept(seeSection3.7.1).Thereforewe distin-

guishtheability to fly betweenaRobin andaPenguin becausetheformer

concepthastheattributecan-fl y associatedwith thevalue � � � while the

latterhasit associatedwith thevalue � � . Wecouldmodelthesameinforma-

tion by creatingtwo differentsubconceptsof theconceptBird : Flying-

Bird (describedby the attributecan-fly associatedwith the value � � � )
andNon-Fl ying-Bird (describedby the attribute can-fly associated

with thevalue � � ), respectively. Thenwe couldmodeltheconceptRobin

as subconceptof Flying-B ird while Penguin would be modelledas

subconceptof Non-Flyin g-Bird .

� Synonymterms. This typeof mismatchis discussedin lengthin [Visseret al.

1998],whereis calledtermmismatch. It occurswhenthesameconcept,at-

tribute,or relationis referredto by differenttermsand/ordescribedby differ-

entdefinitions,althoughsemanticallyequivalent.For example,let ussuppose

to have two ontologies ��� and �g� thatdescribethevehiclesdomain,andthat

bothmodeltheconceptCar, by calling it Automobi le in ontology ��� and

Motor-ca r in ontology��� . Additionally, thetwoconceptscaneitherbede-

scribedby thesamesetof attributes,for example Registrat ion-Year ,

Maximum-Speed , or by two setsof attributesthataresemanticallyequiva-

lent. ForexampleAutomobile in ontology ��� couldbedescribedby theset

of attributesMat-Ye ar andMax-Speed , while theconceptMotor -car

in ontology �i� is describedby thesetof attributesRegistrat ion-Year

andMaximum-Speed .

A specialcaseof thiskind of mismatchis whenontologiesarewrittenin natu-

ral language,whichgivesriseto differentandextremelycomplex mismatches
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whichhaveadeepsemanticnatureandcanrequirea lot of humaneffort to be

resolved.

� Homonymterms. This typeof mismatchoccurswhena termcanreferto dif-

ferentconceptsdependingon the context. It is mainly dueto the existence

of homonymsin naturallanguage,suchastheEnglishwordwoodwhichcan

meanacollectionof treesor thematerialthatformsthemainsubstanceof the

trunkor thebranchesof a tree.An exampleof thismismatchcanbefoundin

a situationwheretwo ontologies �)� and �g� might have thesameterm(and

eventhesamedefinition)whichdenotesdifferentconcepts.

Homonym termscanappearin differentontologiesconcerningthesamedo-

main if these‘operationalise’the term in differentways. For examplethe

conceptYear mightbedescribedasa periodof timedividedinto 12months

in two differentontologies, �)� and �o� . If thefirst ontologyconsidersamonth

asa periodof timeof 30days, whereasthesecondontologyconsidersamonth

asa periodof time thatcanhave a numberof daysbetween28 and31, then

thetermYear in ��� is anhomonym of theanalogoustermin ��� .
� Encoding. This is maybethe easiestmismatchto resolve. It occurswhen

differentontologiesencodevaluesin differentways.In away it includesalso

theAttribute-typemismatch introducedby Visserandcolleagues[Visseretal.

1998],in thesensethatit is arguablethatoneconceptualisesalsotakinginto

accountthingssuchastheunity of measureusedto instantiatetheconcept.

Heterogeneity, andespeciallyontologyheterogeneity, canseriouslyhinderattempts

of sharingand reusingknowledgeautomatically. In fact in order to recognise

whethertwo conceptsfrom heterogeneousknowledgesourcesaresimilar, we can-

not only rely on thetermsdenoting themandon their descriptions,but we needto

have a full understandingof the conceptsin order to decidewhetherthey arese-

manticallyrelatedor not.
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Ontologyheterogeneitycanalsohindertheability to reasonwith instantiationsof

sharedknowledgebecauseit cancausewhatin knowledgerepresentationarecalled

implicit inconsistencies[Morgenstern1998]. Beforedefiningimplicit inconsisten-

cies is worth noting that conflicting knowledgecan and must be includedin an

ontology. A Bird canor cannotfly andthe ontology should modelthis kind of

knowledge.It is very likely that,whensharingknowledge,conflictinginformation

hasto bemodelled in thesharedontology, reflecting what is possible in thediffer-

ent domains.However, whenwe needto automaticallydraw conclusionfrom the

knowledgemodelledin thesharedontologytheninconsistenciescanarisethatneed

to bedealtwith.

Whendealingwith heterogeneousknowledgesources,detectinginconsistenciescan

becomeevenmoredifficult. We defineimplicit inconsistenciesthosefor which in-

consistentvaluesareassociatedwith conceptsthatareaffectedby eitherlanguage

heterogeneityor ontology heterogeneity.

3.5.3 Reconciling mismatches

In Section3.5.1andin Section3.5.2we have presentedthe typesof heterogene-

ity that canaffect ontologies independentlybuilt. Eachheterogeneitytype corre-

spondstoamismatch,andmany heterogeneitytypescanaffectontologies,therefore

many mismatchescanoccurwhile combiningdifferentontologies.Themismatches

have beensummarisedin Figure3.1. Whendifferentontologiesarecombined,the

different typesof heterogeneityneedto be detectedandreconciled. Many of the

systemsproviding an aid to ontology integrationandmerging have waysto semi-

automaticallydetectsyntactictypesof heterogeneity, but very few tools areable

to detectanddealwith semanticheterogeneity. Thedifficulty lies in the fact that,

in orderto detectheterogeneitytypesotherthansyntacticit is necessaryto have a

preciseunderstanding of thethesemanticsof theconceptsinvolvedin theconceptu-

alisation[Chalupsky 2000]: this involvesunderstandingthetermsusedto explicate
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Figure3.1: Thedifferenttypesof mismatches
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theseconcepts,thestructureof theconcepts,andthecontext in which a conceptis

to beused.

When combining different ontologies a numberof stepshave to be considered,

Chalupsky [Chalupsky 2000]identifiedfivestepsto ontologymerging,whichare:

1. Findingsemanticoverlapor hypothesisingalignments;

2. Designingtransformations to bring thesourcesinto mutualagreement;

3. Editingor morphingthesourcesto carryout thetransformations;

4. Takingtheunionof themorphedsources;

5. Checkingthe result for consistency, uniformity, andnon-redundancy andif

necessaryrepeatingsomeor all of thestepsabove.

The first two stepsareapplicablealso to ontology integrations(at leastfor what

concernsthe similarities amongthe domainsof conceptualisation),and is during

thesetwo stepsthat the different typesof heterogeneityhave to be detectedand

reconciled.Theautomaticexecutionof thesestepsis supportedat variousdegrees

by thestateof theart. We canrelatethefirst two stepsto theheterogeneitytypes

(analysedin Section3.5.1andSection3.5.2),and,whenpossible, we relatethem

with thestateof theart.

The first stepconsists of identifying the conceptsthat semantically overlap. This

stepinvolvestheassessmentof thesemanticsimilarity betweenconcepts.Assess-

ing semanticsimilarity is quite a complex task,chiefly becausecurrentsimilarity

measuresareusuallybinary, so they do not permitanassessmentof thedegreeof

similarity anddo not usually take into accountthe structureof the definitionsof

concepts.We furtherinvestigatesemanticsimilarity in Section3.7.3,reviewing the

literatureon this topic. In currentsystems,semanticsimilarity is assessedmainly

by comparingnamesof conceptsby meansof lexicons,andby comparingthestruc-

tureof attributes.Non-semanticandsemanticheterogeneitycanmake this process
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even morecomplex. Indeed,the first stepshouldbe to make the structureof the

ontologiescomparable,by resolvingnonsyntacticheterogeneity. Also knowledge

representationparadigmandencodingheterogeneityshouldbedetectedandrecon-

ciledat thisstage.

OntoMorph [Chalupsky 2000] provides two mechanisms to describetransforma-

tions: syntacticrewriting via pattern-directedrewrite rules, andsemanticrewrit-

ing modulating syntacticrewriting via partial semanticmodelsand logical infer-

encesupportedby an integratedknowledgerepresentationsystems.Thus,syntac-

tic rewriting permitstranslationsbetweenontologylanguages(andmoregenerally

knowledgerepresentationlanguages)which may differ in the syntax,expressive-

ness,logical representationandsemanticsof primitives. However, in somecases

syntacticrewriting might not besufficient, andtherearecasesin which logical in-

ferenceshave to be consideredto reconcilenon-semanticheterogeneity. In these

casesthekind of semanticrewriting providedby Ontomorphmight help.

Oncethenon-semantic heterogeneityis reconciledwe canstartlooking for similar

concepts.SystemssuchasAnchor-PROMPT [FridmanNoy andMusen2001]and

Chimaera[McGuinnesset al. 2000] canperforma limited assessmentof similar-

ity betweenconcepts,which is basedon lexical similarity, but this methodcanbe

seriouslyaffectedby the presenceof synonymandhomonymterms. At this stage

only heterogeneityconcerningsynonym termscanbereconciledby usingsomethe-

sauruslikeWordNet[Miller 1990].

Thenext stagewhile performingstepone,consistsin analysingthestructureof the

concept’sdefinition.Analysingthestructureof thedefinitionsis necessaryto detect

andreconcilecasesof heterogeneitycausinghomonymtermsmismatches, attribute-

typemismatches, structuremismatchesand,onsomeextent,modellingconventions

mismatches(for whatconcernsthestructureof theconceptonly).

The next stepto merge ontologies is to designthe transformations to bring the

sourcesinto mutualagreement.In this step,thosetypesof heterogeneitythat in-

volve thestructureof ontologieshave to bereconciled,becausethey canaffect the

Page63



Theroleof ontologiesin knowledgesharingandreuse Chapter3

processof bringing the sourceontologiesinto mutualagreement.Therefore,it is

while performingthis stepthat categorisation mismatches, attribute-assignment,

modelcoverage and granularity, and top-level conceptsmismatchescan be de-

tectedandreconciled.Anchor-PROPMT [FridmanNoy andMusen2001]proposes

a techniquethat semi-authomatically detectsalignmentpoints,whereasChimaera

[McGuinnesset al. 2000] permitsthe partial browsing of the subclass/superclass

hierarchy. However, the techniquescurrentlyavailablecanhelp in detectingonly

few typesof heterogeneity, for example,thereis no systemthat can fully detect

heterogeneitydueto differencesin theassigmentof anattributeto aclass(attribute-

assignmentmismatches),andsometypesof heterogeneitymight not even be de-

tectedby humanexpertsunlessthecontext of theontology is fully specifiedin the

documentation.

Wehavesummarisedtherelationamongthedifferenttypesof heterogeneityandthe

necessarystepsof ontologycombinationin Figure3.2. The following subsection

presentsasmallexampleof heterogeneitymismatchesandimplicit inconsistencies.

3.5.4 Example

Let usconsidertheontologiesof two differentcompaniesproducingpastries.Com-

pany �I� producesonly savoury pastries,consequentlyin the ontology modelling

the bakingproductsproducedby company �i� we find the conceptPastry de-

scribedby anattributeSavou riness whichmodelsthesaltcontentof thepastry

andtakesvaluein the interval ��������C��r� wherethenumberdenotesthepercentageof

salt presentin the pastry. Company ��� producesonly sweetpastries,andthe on-

tologymodelling theproductssoldby company �i� representstheconceptPastry

describedby anattributeSweet ness whichmodelsthesugarcontentof thepastry

andtakesvaluein the interval ���:�����/�r� . Let usnow supposethat thetwo companies

��� and ��� mergeandsothey have to integratethetwo ontologiesinto one.

Thefirst problemto take into accountis thattheconceptPastry is heterogeneous
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Figure3.2: Relatingthestepsto combineontologiesto theheterogeneitytypes
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acrossontologies ��� and �o� . More precisely, this is a caseof homonymmismatch,

asthesametermPastry hasbeenusedto modelbothsavourypastriesandsweet

pastries. Of coursethis would have not happenedif theconcepthadbeentermed

Savoury-P astry in ontology ��� andSweet- Pastry in ontology ��� . How-

ever, in this casethe thehomonym mismatchhidesa mismatchin theconceptual-

isation,in thesensethatwhile company �t� conceptualisesthepastriesdomainby

consideringonly savoury pastries,company �I� conceptualisesthesamedomainin

termsof sweetpastriesonly. So, besidesthe homonym mismatch,which is mis-

matchin theexplicationof theconcept,we have alsoa scopemismatch, which is a

conceptualisationmismatch.

Let usnow proceedwith theattemptof mergingthetwo ontologies,bearingin mind

that we have found a conceptPastry which is parentof two disjoint subconcepts

Savoury-PastryandSweet-Pastryandthatthesetwo subconceptsareactuallymod-

elledin theontologies ��� and �g� , thoughlabelledwith thesametermPastry . As

designchoiceletusassumethatthesharedproductontology containsnow aconcept

Pastry which is obtainedby merging theconceptsPastry - ��� andPastry-

�g� . TheresultingconceptPastry inheritsattributesfrom bothparentconcepts,so

it inheritsthe attributeSavourine ss andthe attributeSweetness . The pres-

enceof bothattributesin theconceptdoesnot createany kind of ontological prob-

lem, although we could observe that the two attributescould be consideredtwo

extremesof thesamespectrum,thatis, from verysalty, to neithersaltynorsweetto

verysweet.If weneedto reasonwith theknowledgeinstantiatingtheontology, the

fact that thesetwo attributesarerepresentingconflictinginformation(indeed,they

representa distinguishingpropertythat causesthe two classesto be disjoint) can

hinderthe ability to draw soundconclusions.What it is worth noting here,how-

ever, is thatin orderto detectinconsistenciesautomatically, aprogrammustbeable

to understandthatapastry(instance)cannotbebothsavouryandsweetat thesame

time. Therefore,anautomaticreasonershouldnotonly beableto draw conclusions

from inconsistentvaluesbut in first instanceshouldbeableto recognisetheincon-
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sistency becauseit recognisesthatthetwo conceptshavebeenlabelledby synonym

terms.

This small, and in a way ad hoc example,is not totally unrealistic: the typesof

mismatchesdescribedin theexample arelikely to occurwhenmerging ontologies

thathavebeenindependentlydeveloped.Fromit we coulddraw animportantcon-

clusion.Evenin afictitioussituation liketheonedescribedabove,in orderto detect

themismatchesandtheinconsistencieswehavemadeuseof semanticsthatwasnot

explicitly representedin theontologies,whichmeansthatmergingthetwo concepts

wouldhave not beenpossiblewithouttheintervention of a humanmore or lessex-

pert in thedomainmodelledin theontology. Although,at the currentstateof the

art, automatic ontology merging seemsquite an unrealistictarget, therearemany

researchefforts which have concentratedon semi-automatic ontologymerging, as

alreadyseenin Section3.5.3.

In thenext sectionwe survey approachescurrentlyavailable. Thenwe illustratea

novel proposalto tacklethisproblem.

3.6 Ontological approachesto knowledgesharing

In Section3.2 we have introducedtheknowledgesharingproblem. The literature

concerningknowledgesharingis quiterich andmany systems have dealtwith this

problem.Amongthem,we mentionhereasrelevantresources:SIMS [Arenset al.

1996],InfoSleuth[Perryetal. 1999],COIN [Gohetal. 1994],KRAFT [Preeceetal.

2001],andOBSERVER [Menaet al. 2000]. We have decidedto concentratehere

on thetheoreticalapproachesthatarebehindthesesystems, andwe have reviewed

threeof them,InfoSleuth[Perryet al. 1999],OBSERVER [Menaet al. 2000],and

KRAFT [Preeceet al. 2001],in AppendixA.

As pointedoutmany approachesto knowledgesharinguseontologiesfor two main

tasks:
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� To abstracttheknowledgecontentof a resourcefrom theway in which this

knowledgeis representedin orderto overcomeproblemsof languagehetero-

geneity, ontheassumptionthatthesemanticsarethesameacrossthedifferent

knowledgesources;

� To sharethecommonunderstanding aboutadomain,by identifyingconcepts

thataresharedby thedifferentresourcesandthatrepresentthereferencecon-

ceptsonwhichany communicationhastobegrounded.Identifyingtheshared

conceptsmeansnotonly isolatingthoseconceptswhichhavethesameor sim-

ilar names,but alsothoseconceptswhosecontentis similar despitedifferent

namesor differentconceptdescriptions, therebysolvingheterogeneitydueto

ontological mismatches;

In the remainderof this sectionattentionis focusedon differentsolutions to the

integrationof heterogeneousresourceswith differentontologies,we illustratethe

approachesthatarepresentedin theliteratureandweproposeanovel approach.

All approachesarebasedon theassumption thatConceptscanbesharedbetween

different resourcesif an appropriate “mapping” can be found that transforms a

conceptunderstoodby oneresource into a conceptthat is understoodby another

resource. Thisis theminimalrequirementfor two resourcesto shareknowledge.

In the literature three typesof approachesto knowledgesharingare mentioned

[Uscholdet al. 1999]. Herewe associatea broadmeaningwith the term knowl-

edge sharing, to meanusedby multiple informationssystems, by multiple persons

andin multiplecontexts. Following Uscholdandcolleagues,weusethetermin this

senseandthusdisregardthedifferencesbetweensharing, reuse, andexchange, each

of which canhave a morespecificmeaning,aswe have illustratedin Section3.2.

In thefollowing subsectionswe survey thesystemsandthedifferentapproachesto

knowledgesharingpresentedin theliteratureon thegroundsof therole ontologies

play in theseapproaches.Furthermorein Section3.7.1 we proposea novel ap-

proachto sharing,basedon anhierarchicalstructureof multiple sharedontologies,
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eachrepresentingknowledgeat a differentlevel of abstraction.We believe thatthe

approachweenvisagedoffersadvantagesin scalabilityandmaintainability.

3.6.1 One-to-oneapproach

In this approachknowledgesharingis achieved becauseeachresourcemakes its

servicesavailableto theotherresourcesin thearchitecture[Uscholdetal. 1999]. If

theresourcesareheterogeneousthena transformationstepis requiredaswell. This

approachis basedonsomefunctions(or point-to-pointtranslators in [Uscholdetal.

1999]) thatdirectlymapfrom a sourceformat to a target format. Thesefunctions

areoftencalledin the literaturemappingfunctionsor simply mappings: Concepts

canbe sharedbetweendifferentresourcesif an appropriatemappingfunctioncan

befoundthat transformsa conceptunderstoodby oneresourceinto a conceptthat

is understoodby anotherresource.

An ontologymappingis a partialor total functionthatspecifiesmappings between

termsandexpressionsdefinedin a sourceontology into termsandexpressionsde-

finedin a targetontology [Visseret al. 1998]. Thesefunctionscanalsobe(but not

necessarilyare)isomorphic, that is, if a mappingfunctionexists from a resourceA

to a resourceB this implies that the opposite mappingfrom the resourceB to the

resourceA exists.

Ontologiesmight bepossiblyusedin this approachto separatetheabstractknowl-

edgefrom theway it is implementedin theresource,andthusto make themapping

processeasier. However, thesefunctionscanbedeterminedwithout explicitly refer-

ring to anintermediateontologywhichplaystheroleof neutralinterchangeformat

[Uscholdet al. 1999]. This is the so-calledone-to-oneapproach,wherefor each

ontology (or resource)a setof mappingfunctionsis providedto allow thecommu-

nicationwith theotherontologies(resources).If anontologyis usedto modelthe

local knowledgethena wrappermight beusedto convert thelocal conceptsinto a

formatsupportedby thelocal ontology. It is importantto noteherethat in suchan
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approachtheontologiesinvolveddonotmodelsharedknowledge.

Accordingto [Uscholdet al. 1999] theone-to-oneapproachcanbemadeto work

andis a relatively low-costandpracticalapproachin theshort-term.However, this

approachis only suitablewhentheresourcesarequitestablein time,thatis, they do

notchangefrequently. In fact,eachtimeaconceptis introducedin aresourceor the

conceptis usedin a way differentfrom before,thenthe correspondingmappings

needto bechanged.Moreover, inconsistenciescanbeundetecteduntil they impact

on somecritical application. Finally, theeffort requiredto build andmaintain the

mappingfunctionsis quitebig,especiallyin thosecaseswheretheknowledgeavail-

ableis not sufficient to determinea uniquemappingof a conceptin oneresource

into anotheronein adifferentresource.Indeed,suchanapproachwould requirein

theworsecase,that is if themappingsarenot isomorphic, thedefinitionof ��9 1 � ;
mappingfunctions,if 1 ontologiesarecomprisedin thestructure.For this reason,

this approachonly seemsfeasibleif thereareonly a few ontologies(resources).It

alsowould not bevery scalablebecauseif a new resourceis addedto thestructure

thisapproachrequiresthedefinitionof 1 new mappingfunctions.

The OBSERVER system[Mena et al. 1996], partially overcomesthe aforemen-

tioneddrawbacksby performingrun time transformations,wherea conceptmight

mapinto asynonym,hypernymor hyponym concept.In thisway, asharedontology

is virtually built at run time.

3.6.2 Singlecentralisedontology

This approachachievesthesharingof heterogeneoussourcesby committing to an

overarchingsharedontologymodelling theconceptsthataresharedby theknowl-

edgesources.This is basedontheassumptionthatin orderto beshared,knowledge

resourcesmusthave somecommonunderstandingthatpartially coverstheshared

domain. That is, resourcesmodelling conceptualisations on totally different do-

mainsarehardlyableto shareany knowledge,whereasdifferentconceptualisations
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of thesameor similar domainshavemoreto share.

However, thesharedontologyin this approachcanplay two roles: In thefirst case

the ontology plays the role of a neutral interchange format, while in the second

it permitsthe neutral authoring of sharedknowledge[Uscholdet al. 1999]. The

following subsectionsexamineeachof thesecases.

Neutral interchangeformat

Theapplicationresourcesaremodelledaccordingto their own ontology, usingan

ontology language,conceptualisation andexplication thatarelocal andnot shared.

In thesinglecentralisedontologyapproach,theintegrationof heterogeneoussources

is performedby identifying the conceptswhich are sharedby all the knowledge

sourcesandlocatingthemin a sharedontology. The sharedconceptsaredefined

in a way suchthat they canbe easilymappedfrom andinto theoriginal concepts

with no or little information loss.For this reason,thesharedontology is written in

a sufficiently expressive neutralformat, andthenthe local resourcesareprovided

with two-way transformations thatperformthemappings from local to sharedcon-

ceptsandvice-versa. Many architecturesto integrateresourcescomprisea single

sharedontology, examplesaregiven by InfoSleuth,[Bayardoet al. 1997] andby

theKRAFT architecture[Preeceetal. 2001].

A crucial point to be consideredwhenanalysingthis approachis the strategy to

follow whendesigningthesharedontologyor, usingUschold’s terminology, when

designing the neutralformat. This canbe thoughtasa continuum whereon one

endof the spectrumwe have a neutralinterchangeformat that is very expressive

(that is the expressivenesscovers the expressivenessof the target languages).In

otherwords,theconceptsin thesharedontologyaretheunionof all conceptsin the

local ontologies. In this way, litt le or no informationis lost whenperformingthe

mappingssbetweenlocal andsharedontologies. On theotherendof thespectrum

we have the opposite approach,that is the expressive power of the neutralformat
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couldbethe lowest commondenominatorof the local formats,in otherwords,the

conceptsin thesharedontologyarethe intersectionof all the local concepts.This

makesthecreationof mappings betweenlocalandsharedontologieseasier, but lo-

cal ontologiesneedto be written bearingin mind the transformationsthat are to

be performedandthe risk of losing a greatamountof information in the transfor-

mationprocessis high. Whathappensin practiceis that someintermediarypoint

betweenthesetwo extremesis chosen,mostly relying on the experienceand the

domainknowledgeof theontologydesigners.

Theextentto whichthisapproachis to beconsideredconceptuallyrealistichasbeen

subjectof discussion [Shave1997]. It hasdefinitelythepotential advantagesof per-

mitting theknowledgesourcesto bekeptautonomousfrom theprocessof sharing

knowledgeandto reducethenumberof mappings involved in the transformations

from ��9 1 � ; to ��9 1F; . But, asUscholdhighlightsin [Uscholdet al. 1999],theseare

only potentialadvantageswhichmayor maynotbebepossible to realise.

Thedrawbacksof dealingwith a singlesharedontology aresimilar to thoseof any

standard(seealso:[VisserandCui 1998]).Often,standardsarenotveryconvenient

to usesincethey have to besuitable for all potentialuses.Also, the taskof defin-

ing suchstandardsis oftenlengthyandcomplicated.It is oftennecessaryto find a

trade-off concerningtheexpressiveness:themoreexpressiveis theknowledgeto be

sharedandthemoredifficult it is to write thetranslators.Moreover, committing to

a standardrestrictsthedegreeof heterogeneitythatmayexist betweenthoseusing

the standards,and,last, but not least,standards- by their nature- resistchanges,

partlydueto theaforementionedreasons.

Neutral authoring

Neutralinterchangeformat is just oneof therolesthata sharedontologycanplay

whensharingknowledge. Anotherapproachis to authorthesharedontologyin a

neutralformat.Thedifferencewith thepreviousapproachis thatin theneutralinter-
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changeformatapproachtheontologiesto besharedmaymaintaintheir autonomy

of language,syntax,knowledgerepresentationparadigm,andthey aretransformed

into neutralinterchangeformatfor sharingpurposesonly, whereaswith theneutral

authoring,a neutralformat is enforcedon the ontologiesat designstage,so only

semanticallyheterogeneousviews areallowed [Uscholdet al. 1999]. Both in the

caseof theneutralinterchangeformatandin thecaseof theneutralauthoring,de-

signing andbuilding thesharedontology is quitea time-consuming task.However,

differentconsiderations canbemadein eithercases.A neutralinterchangeformat

is usuallymeantasanaid for semi-automatic knowledgesharing.Sothelanguage

usedfor the neutralinterchangedoesnot have to be necessarilyhumanreadable.

With theneutralauthoringapproach,thesharedknowledge is authoredin a neutral

format which could be humanfriendly (for examplea restrictedsubsetof natural

language)with theaim to improve humanknowledgesharing.Anotherdesigndif-

ferencebetweenthe two approachesis motivatedby the fact that transformations

in the caseof neutralauthoringarein onedirectiononly, andso designinga lan-

guagewhich is thelowestcommondenominator might bepreferredin sucha case

[Uscholdet al. 1999].

Oneof themostusedneutralauthoringtools is Ontolingua[Farquharet al. 1997].

Ontolinguawasdesignedasa tool to supportthecollaborative building of ontolo-

giesby providing a neutralauthoringlanguage.It is equippedwith a setof transla-

torsin themostcommonlanguagesfor knowledgebasessuchasLoom[MacGregor

1991],Clips,Prologandmany others.However, thesetranslatorscanonly perform

syntactictransformations,anddonotdealwith any kind of languageor ontological

heterogeneity.

To summarise,this approachmight prove cost-effective in limitedsituations while

it is not suitablefor generalcases,due to the inherentdifficulty of the mapping

problem.
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3.7 A novel proposalto knowledgesharing

Having discussedthevariousapproachesfor sharingheterogeneoussources,in the

previoussectionwe now focusour attentionon a structureof multiple sharedon-

tologiesas presentedin [Visserand Tamma1999]. This architectureaggregates

multiplesharedontologiesintoclusters,soasto obtainastructurethatis ableto rec-

onciledifferenttypesof heterogeneityandis alsointendedto bemoreconvenientto

implementandgive betterprospectsfor maintenanceandscaling.We discusshere

thefeasibilityof semi-automatic ontologyclusteringin orderto obtainsuchastruc-

ture. More particularly, we have investigatedthedifferentsimilarity measuresthat

canbe usedin orderto build clustersof ontologies. In contrastto an approachin

which all resourcesshareonebodyof knowledgeherewe proposeto locateshared

knowledgein multiple but smallersharedontologies. This approachis referredto

asontology-basedresourceclustering,or shortly, ontology clustering[Shave1997].

Resourcesno longercommitto onecomprehensive ontology but they areclustered

togetheron the basisof the similarities they show in the way they conceptualise

the commondomain. Thereforeeachclustercanbe thoughtof asa micro-theory

sharedby all theresourcesto conformto thatcluster. Eachmicro-theoryis in turn

generalisedandthey areall eventuallygeneralisedby thetop-level ontology which

is a standardupperontologylike the Upper-Cyc [Lenat 1995a]. This approachis

analogousto modularisation in softwareengineeringandis thoughtof having the

sameadvantages,whichare:

� Modularity/separability : Eachclusteris likeamodule in softwareengineer-

ing andrepresentsaspecificaspectof thedomain;

� Composability: Dif ferent clustersare composedby generalisingthe con-

ceptsthatarecommonto them.This is thefirst stepto permitheterogeneous

resourcesto communicate;
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� Scalability: Theadditionof a new resourceto thearchitecturerequiresonly

the productionof the mapping rulesbetweenthe ontologyassociatedto the

new resourceandtheclusterto which this resourcebelongs;

� Impact of changeminimisation: If aconceptdescriptionneedstobechanged

only themapping rulesbetweentheupdatedontology andtheclusterto which

thisontologybelongsneedto berewritten;

� Division of ontology authoring efforts: Ontologiescomposinga clusterdo

not needto beauthoredby thesamepeopleaslong astheir conceptscanbe

mappedinto theconceptsof thecluster.

� Accommodationof diverseformalisations: A clustercanbecomprisedof

ontologiesrepresentingdifferentformalisationsof thesamedomain,suchas

differenttemporalontologies.

This approachhasnot beentestedyet, thereforewe canonly foreseesomedisad-

vantages:

� Thereis no methodology which permitsusto build thestructureof ontology

clusters;

� Complexity of the first orderclusteringproblemfrom the machinelearning

viewpoint;

� Lack of a semantic-sensitive similarity measurethatcouldbeusedto assess

similarity amongconcepts;

� Lackof toolsthatcansupportthebuilding of theontology clusters.

3.7.1 Ontology clusters

Ontology clusteringis basedon thesimilaritiesbetweentheconceptsknown to dif-

ferentresources,whereeachresourcerepresentsa differentaspectof the domain
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knowledge.We assumethat theontologiesmodelling theresourcesareconsistent,

non-redundant,andwell structured.We alsoassumethat theontologieshave been

built with amethodology thatincludesaformalevaluation step,suchasMethontol-

ogy [Ferńandez-Ĺopezet al. 2001]

Sinceourresourcesneedto communicatein asensiblefashionthey areall supposed

to be familiar with somehigh level concepts.We grouptheseconceptsin an on-

tology rootedat the top of the hierarchyof ontologies. As it describesconcepts

that arespecificto the domainandtasksat handwe refer to this ontology asthe

applicationontology(following VanHeijstandcolleagues,[vanHeijstetal. 1997].

Theseconceptsarereusablewithin the applicationbut not necessarilyoutside the

application. The conceptdefinitionsin the applicationontology arechosenfrom

an existing top-level ontology, which in our caseis WordNet [Miller 1990]. The

applicationontology thuscontainsa relevantsubsetof WordNetconcepts.For each

conceptoneor moresensesare selected,dependingon the domain. If somere-

sourcesshareconceptsthatarenot sharedby otherresourcesthenthis leadsto the

creationof two (or more)sibling ontologies. Eachsibling is a consistentextension

of its parentontology, but heterogeneouswith respectto its peers.We do not pose

any restrictionto thetypesof heterogeneitythatcanaffect theontologies.

A clusteris referredto asa groupof consistentontologies(possiblyone) in our

structureandis describedby anontology which is sharedby thosecomposingthe

cluster. Both ontologyclustersandontologieswithin eachclusterareorganisedin

a hierarchicalfashionwhereeachsibling clusterspecialisesthe conceptsthat are

in its parentcluster. However, while multiple inheritanceis permittedwithin the

ontologies,it is notpermittedbetweenontologies,thereforethestructureof clusters

is a tree.In thisstructure,thelower level clustershavemorepreciseconceptdefini-

tionsthanthehigherlevels,makingthelattermoreabstract.

Clustersarelinkedby restriction or overriding [VisserandCui 1998]relations,that

is conceptsin oneparentontologyareinheritedby its childrencluster, but overrid-

ing is permitted. The link betweenthe resourcesandthe local ontologies,on the
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Figure3.3: Thehierarchyof multiplesharedontologies

otherhand,is different, and is a mappingrelation asdefinedin [VisserandCui

1998],thatis a functionpreservingthesemantics.Finally, therelationbetweenthe

top-level ontologyandthe applicationoneis a simpleSubset/Superset relationas

describedin [VisserandCui 1998].

Figure3.3 illustratesanexampleof this structure.Sincedifferentsiblingscanex-

tendtheirparentclusterconceptsin differentwaystheclusterhierarchypermitsthe

co-existenceof heterogeneous(sibling) ontologies. Figure3.3 illustratesthis par-

ticularstructure,whereT � � �W �� 1z~ �   ��¡W¢ � , T � � �£ �� 1y~ �   �"¡:¢ � , T � � �W �� 1z~ �   ��¡W¢�¤ , and

T � � �£ 2� 1z~ �   ��¡W¢�¥ arethe local ontologies, ¦-�8��§ �"� �<� is theontologysharedby the

localontologies1 and2. Analogously¦¨����§ �"� ¤©¥ is theontologysharedby thelocal

ontologies3 and4. ¦-���£§ �"� �<� ¤©¥ indicatestheontologysharedby thetwo below that

is ¦-�8��§ �"� �<� and ¦-���£§ �"� ¤©¥ , andin this exampleis the application ontology itself,

heredenotedby Application Ontology. If someontologiesshareconceptsthatare

not sharedby otherontologiesthenthereis a reasonto createa new cluster. A new

ontology clusterhereis a child ontologythat definescertainnew conceptsusing
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the conceptsalreadycontainedin its parentontology. Ultimately, ontologiesare

likely to have conceptsthat arenot sharedwith any otherontology. In our ontol-

ogy structure,we thencreatea separate,domain-specificontology assubontology

of theclusterin which theontologyresides.We refer to theseontologiesaslocal

ontologies.The local ontologiesarethe leaf nodesof our ontologyhierarchy. In

eachof theontologiesin thestructure,conceptsaredescribedin termsof attributes

andinheritancerelationsholding in theontology’s structure.Conceptsarehierar-

chically organisedandthe inheritance(with exceptions)allows the passingdown

of informationthroughthehierarchy. Multiple inheritanceis only permittedwithin

theontologies.

Conceptsareexpressedin termsof inheritedanddistinguishing attributes. Inher-

ited attributesare thoseexpressingthe similaritiesbetweena parentconceptand

its siblings (theparentconceptcanbe definedin theontology itself or in a parent

ontology).They describethemaincharacteristicsof a conceptthatarealsopresent

in its sub-concepts.A conceptthat specialisesa moregeneraloneinheritsall the

attributesfrom its parentconcept.

To thesetof inheritedattributesotherattributesareaddedto distinguishthespecific

conceptfrom themoregeneralone.Theseattributesdescribethecharacteristicdif-

ferences betweena conceptandits siblings. Thedistinguishingattributesareused

to mapconceptsfrom asourceontologyinto a targetontology preservingthemean-

ing of theconcept.

3.7.2 Communication betweenresources

In the ontologystructurepresentedin Section3.7.1 communication betweenre-

sourcesis performedvia mappingfunctions(Section3.3). In this structuremap-

pingscanbeeitherpartialor total functionsandarenotnecessarilyisomorphic.

The remainderof this sectionoutlines how we envisagethat communication be-
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tweentheresourcesin theontologystructureis performed.Mappingsareencoded

in functionsmappingconceptsbetweenthe ontologies composingthe structure,

thustransforming(becausesemanticsmight not be preserved) conceptsfrom one

ontology, possibly repeatedly, into its child or into its parentontology. Concepts

belonging to oneof thelocal ontologiesaremappedinto conceptsof anotherlocal

ontology via oneor moresharedontologies.

In the reminderof this sectionwe will usethe termsourceontology to denotethe

ontology containingtheconceptthatis to bemapped,whereaswe usethetermtar-

getontologyto denotetheontologytheconcepthasto bemappedinto.

The ontologies in the structureare hierarchicallyorganised,and for this reason

transformingconceptsfrom thesourceontology into conceptsin thetargetontology

maygenerallyconsistof two typesof mappingsteps.Thefirst typeis generalisation

(from theconceptto its hypernym in thesameor in a parentsharedontology). The

secondtypeis specialisation (from theconceptin theparentsharedontology to its

hyponym in thesameor in anotherontology). However, themeremappingof acon-

ceptthroughageneralisationanda subsequentspecialisationis notenough;indeed

sucha mappingis guaranteedto preserve themeaningonly if theconceptto map

hasa synonym in the local targetontology. If this is not thecase,theconceptwill

bemappedinto a moregeneralone,andthusit will bean approximation. This is

whathappensin theSIMSproject[Arensetal. 1996]whereaqueryis reformulated

astheunionof its moregeneralconceptsusingtherelationshipholdingbetweena

classof conceptsandits super-class.To preserve themeaning,however, somecon-

straintscanbeadded.

Themapping betweenlocalontologiescanbesummarisedby thefollowing steps:

a) Theconceptthatneedsto bemappedis identified. This steprequiresa deep

understandingof thesemanticsassociatedwith theconceptsand,therefore,it

canonly beperformedin asemi-automaticway. A humanexpertis neededto

confirmthattheconceptsselectedareactuallysemantically related;
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b) Onceidentified,theconceptis mappedinto thetermsof thesharedontology

immediatelyabove the sourceontology. If a direct mappingdoesnot exist

thefirst hypernym of theconceptis foundsuchthatamappingexistsbetween

thehypernym anda conceptin thesharedontologyimmediatelyabove. The

samemappingprocessis appliedto all theconceptsin thetargetontology;

c) Thehypernym of theconceptis thenlocatedin thesharedontology;

d) The attributesof the conceptin the sourceontologyarecomparedwith the

attributesof thehypernym just foundto selectthedistinguishingfeatures;

e) Thentheconceptexpressedin termsof thesharedontology, (that is, the re-

lationshipsholding betweenconceptsin thestructureareidentified)together

with its distinguishingattributesis passedto theparentsharedontology;

f) If in thetarget local ontologythereis a conceptthat is a specialisationof the

onepassedto thesharedontology, thenfor this local concepta mappingcan

bedefinedbetweentheoriginal localconceptandtheonejustselected.If not,

theprocedureis recursively applied,climbing up a level to themoregeneral

sharedontology.

This kind of mappingobtainedby thesegeneralisationandspecialisationstepsis

effective only if thesourceandthetargetconceptshave a commonancestorthat is

not too high in the hierarchy, otherwisethe generalisationstepscanleadto a too

generalancestor. In this lattercase,theinformation lossdueto thegeneralisationis

toohigh,andthemappingobtainedmight betrivial.

To avoid the lossof informationthat is intrinsic to a generalisation,attributesand

relationslinking conceptsplay a crucial role. In fact they not only allow the iden-

tification of thehypernym of a concept(eitherin thesameor in a sharedontology)

but they alsoallow usto “attach” somecharacterisinginformation to eachconcept

thusgiving a distinction betweentheconceptitself andits parent.This typeof in-

formationis modelledin thedistinguishingattributes.
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Thiswayof mapping aconceptA intoaconceptB isbasedontheideaof findingthe

intersectionof the features(representedby the attributes)describingthe two con-

cepts.Theseshouldbetheattributesdescribingtheclosestancestorin thehierarchy.

Then,themappingis performedby transformingthesourceconceptinto theclosest

ancestorandpassingthedistinguishingattributes,andthen,possibly, by specialis-

ing theancestorin thetargetontology. Thisspecialisationstepinvolvesidentifying

thechild conceptin thetargetontology, andthencreatinga mappingfunctionthat

mapsthesourceconceptinto thetargetby takinginto accountthedistinguishingat-

tributesof bothconcepts.This processrequiresa carefulsemanticanalysisof both

conceptsandtheir attributesandthereforecannotbefully automatised.

Relationships shouldbe mappedby hand,sincethey might requiresomekind of

semantictransformationin orderto bemaintainedin thecluster.

3.7.3 Assessingsimilarity betweenconceptsto build the ontol-
ogyclusters

Thestructureof ontology clustersintroducedin Section3.7.1builds on theability

of identifying similar conceptsin differentontologies. Identifying which concepts

aresimilar andassessingthedegreeof semanticsimilarity betweenthemare,thus,

two essentialstepsin theprocessof buildingontologyclusters.However, assessing

thesimilarity betweenconceptsin diverseontologiesis nota trivial taskbecauseof

theheterogeneitythatcanaffect conceptsandtheirdescriptions.

The problemof assessingsemanticsimilarity hasreceived muchattentionin the

artificial intelligencefield [Quillian 1968], [Collins andLoftus 1975]. In theseef-

forts, ‘semanticsimilarity’ refersto a form of semanticrelatednessusinganetwork

representation.In particular, Radaandcolleagues[Radaet al. 1989] suggestthat

similarity in semanticnetworkscanbeassessedsolelyon thebasisof theIS-A tax-

onomy, without consideringothertypesof links. Oneof theeasiestwaysto evaluate

semanticsimilarity in taxonomiesis to measurethedistancebetweenthenodescor-
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respondingto the itemsbeingcompared,that is the shorterthe pathbetweenthe

nodes,themoresimilar they are. This way of assessingsemantic similarity might

beusefulfor semanticnetworks,but hasthemajordrawbackof computingthese-

manticdistancebetweenconceptswhichhaveacommonancestor, andthusit is not

suitablefor assessingthesimilarity of heterogeneouslocal ontologiesthathave to

beclustered.Moreover, this methoddoesnot fully exploit thestructureof thecon-

cept’s representation,sinceit doesnot take into accountthe concept’s description

in termsof attributes,relationships,etc. thusmakingit moresensitive to synonym

andhomonym heterogeneity.

In fact,only a few effortsareaddressingtheproblemof facilitatingthe(semi)auto-

matic reconciliationof differentontologies,andthey have beenmainly developed

for merging differentontologies.Reconcilingdifferentontologies involvesfinding

all the conceptsin the ontologies which aresimilar to oneanother, determininig

what the similaritiesare,andeitherchangingthe sourceontologiesto remove the

overlapsor recordinga mappingbetweenthe sourcesfor future reference[Frid-

manNoy andMusen2001]. Similarity in theseefforts is mainly lexical andnot

semantic. Most systemsfor ontology merging rely on dictionariesto determine

synonyms,commonsubstrings in thenamesof concepts,andconceptswhosedoc-

umentationsharemany unusualwords. They do not take into accountthe internal

structureof conceptrepresentationandthestructureof theontology.

The ontologymerging environment Chimaera[McGuinnesset al. 2000] partially

considerstheontologystructurein thatit assessessimilarity betweenconceptsalso

on the groundsof the subclass-superclassrelationshipandthe attributesattached

to the concept. Anchor-PROMPT [FridmanNoy andMusen2001] reconcileson-

tologiesby finding matching terms, that is, termsfrom differentsourceontologies

thatrepresentsimilarconcepts.Anchor-PROMPT assessesbothlexical andsemantic

matchesexploiting thecontentandstructureof thesourceontologies,andtheuser’s

actionsin merging the ontologies. By contentandstructureof the sourceontolo-

gieswemeanthatnamesof classesandslots,subclasses,superclassesdomainsand
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rangesof slot valuesareusedto assessthesimilarity (Anchor-PROMPT is basedon

the Protege [FridmanNoy et al. 2000] knowledgemodel,which is frame-based)

. However, the methodusedin Anchor-PROMPT is basedon the assumption that

if the ontologies to be merged cover the samedomain,the termswith the same

namearelikely to representthesameconcepts.Suchanassumption is a goodrule

of thumb,but doesnot take into accountcasesof heterogeneityamongsourceon-

tologies. In fact, similar conceptsmight have differentnames,andbe described

by attributeswith differentnames(synonymtermsheterogeneityasdefinedin Sec-

tion 3.5.2). Moreover, thehierarchicalstructureof thesourceontologiesmight be

different,thusa certainsubclass-superclassrelationshipholding in onesourceon-

tologymightnothold in theothers.

In [Rodŕiguez and Egenhofer2002] the authorsproposea methodfor assessing

semanticsimilarity which takesinto accountthedifferencesin the level of explic-

itnessandformalisationof the sourceontologies specifications.Also this method

doesnot requirean a priori sharedontology. The similarity betweenconceptsin

differentsourcesontologiesis assessedby a matchingprocessover synonym sets

(thusaccountingfor lexical similarity), semanticneighborhood, and distinguish-

ing features. The useof distinguishing featuresto assesssimilarity enablesthe

authorsnot only to handlebinarysimilarity measures,typical of lexical similarity

(two termsareeithersimilar or not), but also to considergradientsof similarity.

This is basedontheassumption that,in orderfor conceptsto beconsideredsimilar,

they shouldpresentsomecommonfeatures.By assessingsimilarity on thegrounds

of thedistinguishingandcommon features,thismethodaccountsfor thoseproblem

of synonym termsheterogeneitythatcanaffect bothconceptsandattributes.

In [RodŕiguezandEgenhofer2002] theauthorsarguethat from ananalysisof dif-

ferent feature-basedmodelsfor semanticsimilarity hasemerged the necessityto

accountfor thecontext dependenceof therelative importanceof distinguishingfea-

turesandasymmetric characteristicof similarity assessments.Propertiesthatdis-

tinguishsiblingconceptsfrom their parentarecalleddistinguishingproperties.
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Themethodproposedby RodŕiguezandEgenhoferis basedonTversky’s [Tversky

1977] matchingprocess,which producesa similarity value that dependson both

commonanddifferentcharacteristic.A particularpropertyof thematchingmodel

is that it is not a metric,thereforetheusualpropertiesfor metrics(i.e. minimality,

symmetry, andtriangleinequality)[Esposito etal. 2000]donothaveto besatisfied.

Theasymmetricevaluationof similarity is importantto have similarity evaluations

thatare‘tuned’ to peoplejudgements.For example,cognitive studieshave shown

that the perceived similarity betweena classandits superclassis greaterthanthe

perceivedsimilarity betweenaclassandit subclass.

The novelty of RodŕiguezandEgenhofer’s approachis that, in order to take into

accountcommonanddistinguishingfeaturesit extendsthe usualontologymodel

andit includesalsoanexplicit specificationof thefeatures.By featurestheauthors

collectively meanthesetof functions,partsandattributes. Functionsrepresentthe

intendedpurposeof the instancesof the conceptthey describe.For examplethe

functionof a university is to educate.Parts arethestructuralelementof a concept,

andthey donotnecessarilycoincidewith thoseexpressingthepart-of relationship,

while attributescorrespondto additional characteristicsof a conceptthatarecon-

sideredto beneitherpartsnor functions.

The approachproposedby RodŕiguezandEgenhoferto assesssimilarity between

conceptsis basedon theenricheddescriptionof conceptsthey propose.Of course

it couldbearguedthatenrichingtheconcepts’structureby distinguishingbetween

parts,functionsandattributescangive riseto thearticulationof new typesof mis-

matchesassociatedwith theclassificationsof features.However, theauthorsclaim

thattheadvantagesof enrichingtheconcept’sstructure,namelyamatchingprocess

that comparescorrespondingcharacteristicsof concepts,andthe ability to distin-

guish different aspectsof the context, modelledby the features,overweighs the

possibledisadvantagesderiving from ahighernumberof mismatches.

We believe thatRodŕiguezandEgenhofer’s approachto assesssemanticsimilarity

raisesanimportantissue,which is that, in orderto beableto have a betterassess-
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mentof semanticsimilarity (that givesalsogradientsof similarity andnot only a

binary function) it is necessaryto provide a richer descriptionof the structureof

theconceptsin thesourceontologies. However, we believe that thedistinguishing

featuresproposedin [RodŕiguezandEgenhofer2002] overlap with the semantics

alreadymodelledby somerelationships, suchaspart-of.

For this reason,in Chapter4, we describeanenrichedontology model,wherethe

conceptdescriptionsareenrichedwith metapropertiescharacterisingthebehaviour

of attributes,andmoreprecisely, thebehaviour of attributesover time,themodality

(i.e., thedegreeof applicability of thepropertyto subconcepts,prototypicalandex-

ceptionalproperties).Thesemetapropertiesof attributesshouldbettercharacterise

a concept,so to get a betterunderstanding of the conceptas it is usedin a spe-

cific context, andto derive the formal meta-propertiesholding for theconceptand

describedin Section2.5.1.

3.8 Chapter summary

This chapterhasbeendevotedto presentinganoverview on theproblemof knowl-

edgesharingand reuseand, particularly focussingattentionon the possible ap-

proachesthatuseontologiesto solve theproblemof sharingknowledge.We have

first introducedknowledgesharingandreuse,by giving an overview of the state

of the art. The terminology in this areais sometimesconflicting,andso we have

devotedasectionto definingtheterminologythatweusein this thesis.

Oncehaving clarified the terminology, we have describedmulti-agentsarchitec-

tures.Softwareagentsarenotcentralto this thesis,although they cannotbeignored

in thecontext of knowledgesharingandreuse,sincemany systemsfor knowledge

sharingexploit agentarchitectures.The agentparadigmbecomesrelevant alsoto

discusstheproblemsthatcanhindersharingknowledgebetweenheterogeneousre-

sources.In order to do so we have analysedandclassifiedthe different typesof

heterogeneitythatcanaffect resourcesdevelopedfor differentpurposes.
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After introducingthe differenttypesof heterogeneitywe have thenillustratedthe

diverseapproachespresentedin theliterature,with theirmainadvantagesanddraw-

backs.To thesewell-known approacheswehaveaddedanovel proposalfor knowl-

edgesharingthat we have namedontology clustering, which motivatesthe ontol-

ogy modelthat is objectof this thesisandthat is presentedin next chapter. This

approachis basedon an hierarchicalstructureof multiple sharedontologies, that

permitsknowledgeatdifferentlevelsof abstractionto beshared.Wehavepresented

thestructureof multiplesharedontologiesandwehavebriefly illustratedhow map-

pingsareperformedin this novel approachto knowledgesharing,calledontology

clustering.Ontologyclusteringreliesontheability of assessingsemanticsimilarity

betweenconcepts,andto assessdifferentdegreesof similarities.Wehavereviewed

differentapproachesthat have beenpresentedin the literature,andwe have con-

cludedthat the onesdevelopedto assesssimilarity for semanticnetworks arenot

suitable,mainlybecausethey requirethata sharedontologyhasalreadybeenbuilt.

We have followed the approachby [RodŕiguezandEgenhofer2002], which uses

theTvarskianmatchingfunctionto assesssemanticsimilarity. In orderto usesuch

matchingfunction, the approachproposesto extend the conceptdescriptionsby

addingso calleddistinguishing features. We have decidednot to adoptthe same

distinguishingfeaturesproposedin [RodŕiguezandEgenhofer2002], mainly be-

causetheonesthey proposeseemto overlap semanticsalreadymodelledby some

relationships,suchaspart-of. Our proposalis to augmenttheconceptdescriptions

with attribute metaproperties(Mutability, Mutability frequency, Reversiblemuta-

bility, Eventmutability, Modality, Prototypicality, Exceptionality, Inheritance,Dis-

tinction) which describethebehaviour of attributesin theconceptdefinitions,and

thereforecanhelp in detectingthedifferenttypesof heterogeneity. Moreover, the

proposedattributemetapropertiescanbeusedto determinetheconceptmetaprop-

erties(that is, identity, unity, rigidity anddependence[Welty andGuarino2001])

thathold for a concept.In this way theconceptdescriptionwe proposein thenext

chaptercansupporttheOntoCleanmethodology presentedin Section2.5.1
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The following chapterdescribesthe novel ontology model that includesthe at-

tributesmetaproperties.
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Chapter 4

A conceptualmetamodel to support ontology
clustering

4.1 Intr oduction

In Chapter3 we have introduceda structureof multiple sharedontologies that is

thoughtto be more scalableand maintainable. One of the drawbacksof sucha

structure,though,is that it requiresthe matchingof conceptsfrom the local re-

sourceontologies into the correspondingsharedconcepts.The processof recog-

nisingcandidateconceptsto bemergeddependsheavily on semantics,andis quite

demandingto perform in that it requiresa deepknowledgeof the domainin or-

der to determinewhich conceptsaresimilar. For this reasontheprocessis usually

performedby hand,sincepresentlythereare no prospectsfor a full automatisa-

tion. It seems,however, potentially feasibleto provide a semi-automatic process,

wherea computeridentifies possiblecandidates,but the final choiceis left to the

domainexperts. If theontologies to bemergedarebuilt by differentdevelopment

teamsfor differentpurposes,asassumedin previouschapter, it is necessaryto pro-

vide theknowledgeengineerswhoarein chargeof designingthesharedontologies

with a deepunderstandingof the ontologies to be integrated.Moreover, from the

perspectiveof semi-automaticontology merge,providing thealgorithmperforming

theontologymergingwith enrichedsemanticsof theconceptsgivesbetterprospects

for theinclusionof conceptsthataretruly semantically relatedin the list of candi-

dates.
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In thischapterwe introduceandmotivateanextendedconceptualmodelfor ontolo-

gieswhich explicitly representsattributemetaproperties.By conceptualmodelwe

meantheknowledgeengineer’s evolving conceptionof thedomainknowledge. It

is the knowledgethat actuallydeterminesthe constructionof a formal knowledge

base.A conceptualmodelis an intermediatedesignconstruct,a templateto begin

to constrainandcodify humanskill, it is neitherformal nor directly executableon

a computer[Luger 2002]. A conceptualmetamodelis a metalevel on theconcep-

tual modelwhich describeshow theelementsof theconceptualmodelareusedto

describetheobjectsof theworld.

In the following section(Section4.2) we presentour proposalto extendthe con-

ceptualmetamodelfor ontologiesby addinga setof metapropertiesfor attributes.

Section4.3andsubsectionsanalysethreekindsof problemwhichcanbenefitfrom

thesemanticinformationmodelledby themetapropertiesweadd.Wethendescribe

how thisenrichedconceptualmodelcanbeinstantiatedin aframe-basedknowledge

model(Section4.4)whichwe describein detail in Section4.5,thenwe discussthe

expressivepowerof thismodel(Section4.6)andwerelatethesemanticinformation

to the motivationsillustratedin Section4.3 (Section4.7). Finally, we summarise

thechaptercontributionsin Section4.8.

4.2 Metaproperties for attrib utes: theconceptual meta-
model

In the conceptualmetamodelwhich is the objectof this sectionconceptsarede-

scribedby their characterisingfeatures.We alsodescribethemetapropertieshold-

ing for thesecharacterisingfeatures,by describingthebehaviour they show in defin-

ing aconcept.Wehavecalledthesemetapropertiesasattributemetaproperties, be-

causea concept’s characterisingfeatureis usuallymodelledby associatinga setof

valueswith anattribute.

This conceptualmetamodelis basedon the metapropertiesof formal ontological
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analysisthat have beenpresentedin Section2.5.1 and it resultsfrom enriching

the usualconceptualmodel (describedin Section2.3) with a set of metaproper-

tiesfor attributes(namely, Mutability, Mutability Frequency, ReversibleMutability,

EventMutability, Modality, Prototypicality, Exceptionality, Inheritance, Distinc-

tion) which preciselycharacterisestheconcept’s propertiesandexpectedambigu-

ities, including which propertiesareprototypical of a conceptandwhich areex-

ceptional,the behaviour of propertiesover time andthe degreeof applicabilityof

propertiesto subconcepts.This enrichedconceptualmodelpermitsa precisechar-

acterisationof what is representedby classmembershipmechanismsandhelpsa

knowledgeengineerto determine,in a straightforwardmanner, themetaproperties

holdingfor aconcept.

Thesetof metapropertiesof attributeswe definein this thesismight behelpful to

dealwith ontology heterogeneityproblemsin two ways.Ontheonehandthemodel

complementsthesetof formalontological propertiesproposedin [Welty andGuar-

ino 2001], namelyIdentity, Unity, Rigidity, andDependence(seeSection2.5.1).

Oursetof metapropertiescanguidein assigningtheconceptmetapropertiesdefined

by GuarinoandWelty to concepts,andtheprocessof assigningthemetaproperties

dependson theconceptdefinitions in termsof attributes.Thismightbeparticularly

usefulwhenknowledgeengineersneedto assignformal propertiesto ontologies

thatthey havenotdesigned.

On theotherhand,thisconceptualmetamodelfor ontologiesfacilitatesabetterun-

derstandingof theconcepts’semantics.Currentlyontology merging is performed

by handbasedon the expertiseof the knowledge engineersandon the ontology

documentation.Evenin this casetheontologymodelwe proposecanprove useful

by providing acharacterisationof theproperties,whichcanhelpto identify seman-

tically relatedterms.

In theremainderof thissectionwebriefly describethemetapropertiesfor attributes

onwhichourconceptualmetamodel is based.

Page90



Chapter4 A conceptualmetamodelto supportontology clustering

� Behaviourof concepts’propertiesover time: Themetapropertieswhichmodel

thebehaviour of theattributesover timeare:

– Mutability, whichmodelstheliability of aconcept’spropertyto change,

apropertyis mutableif it canchangeduringtheconcept’s lifetime;

– Mutability Frequency, which modelsthe frequency with which a prop-

erty canchangein aconcept’sdescription;

– EventMutability, whichmodelsthereasonswhyapropertymaychange;

– ReversibleMutability, whichmodelsreversiblechangesof theproperty.

Thesemeta-propertiesdescribethebehaviour of fluentsover time,wherethe

term fluent is borrowed from situationcalculusto denotea propertyof the

world that canchangeover time. Modelling the behaviour of fluentscorre-

spondsto modelling the changesin propertiesthat are permitted in a con-

cept’s descriptionwithout changingthe essenceof the concept.Describing

thebehaviour over timealsoinvolvesdistinguishingpropertieswhosechange

is reversiblefrom thosewhosechangeis irreversible.

Propertychangesover time arecausedeitherby thenaturalpassingof time

or aretriggeredby specificevent occurrences.We need,therefore,to usea

suitable temporalframework thatpermitsusto reasonwith time andevents.

In Section4.7.1we choseEventCalculus[Kowalski andSergot 1986]to ac-

commodatetherepresentationof changes.

We furtherdiscussthebehaviour of attributesover time in Section4.7.1.

� Modality: Thetermmodalityis usedto expresstheway in whichastatement

is true or false,which is relatedto establishing whethera statementconsti-

tutesa necessarytruth andto distinguishnecessityfrom possibility [Kripke

1980].Thetermcanbeextendedto qualitatively measuretheway in whicha

statementis trueby trying to estimatethenumberof possibleworldsin which

sucha truth holds. This is the view we take in this work, by denotingthe
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degreeof confidencethatwe canassociatewith finding a certainworld with

the meta-propertymodality. The additional semanticsencompassedby this

metapropertyis importantfor reasoningwith statements that have different

degreesof credibility. Indeedthereis a differencein assertingfactssuchas

‘Mammalsgive birth to live young’ and‘Birds fly’, the former is generally

morebelievable thanthe latter, for which many morecounterexamplescan

be found. The ability to distinguishfactswhosetruth holdswith different

degreesof strengthis importantin orderto find which factsaretrue in every

possibleworld andthereforeconstitutenecessarytruth. We furtherelaborate

thispoint in Section4.7.3

� Prototypesandexceptions:Wepartially takethecognitiveview of prototypes

andgradedstructures,which is alsoreflectedby theinformationmodelledin

themeta-propertymodality. In this view all cognitive categoriesshow gradi-

entsof membershipwhich describehow well a particularsubclassfits peo-

ple’sideaor imageof thecategorytowhichthesubclassbelong[Rosch1975].

Prototypesarethesubconceptswhichbestrepresentacategory, while excep-

tionsarethosewhich areconsideredexceptionalalthoughstill belonging to

the category. In otherwordsall the sufficient conditionsfor classmember-

shiphold for prototypes.For example, let usconsiderthebiologicalcategory

mammal: a monotreme(a mammalwho doesnot give birth to live young)is

anexampleof anexceptionwith respectto thepropertyof givingbirth to live

young.We furtherdiscussthesemetapropertiesin Section4.7.4.

� InheritanceandDistinction: inheritedmeta-propertiesregardthoseproperties

thathold becauseinheritedfrom anancestorconcept,they maybeoverruled

in themorespecificconceptin orderto accommodateinheritancewith excep-

tions.Distinguishingarethosepropertiesthatpermitusto distinguishamong

siblingsof a sameconcept. In otherwordsa distinguishingproperty w is a

propertysuchthat ª�«:x�w39`x ;¬ ª�«:x�®-w39`x ; , thatis thereis possiblysomething
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for which thepropertyw holds,andthereis possibly somethingfor which the

propertydoesnothold,andtheseareneithertautological nor vacuous[Welty

andGuarino2001]. Distinguishingpropertiesmight causedisjoint concepts

in theontology’s taxonomicstructure.This point is furtherdiscussedin Sec-

tion 4.6.

4.3 Extending the conceptual metamodel

Theinterestin designingontologiesthatcanbeeasilyintegratedandprovideabase

for applyingreasoningmechanisms, aspointedout in Chapter3, hasstressedthe

importanceof suitableconceptualmodelsfor ontologies. Indeed,it hasbeenmade

a point that the sharingof ontologies dependsheavily on a precisesemanticrep-

resentationof the conceptsand their properties[Fridman Noy and Musen1999,

McGuinness2000,TammaandBench-Capon2000].

Themotivationfor definingaconceptualmetamodel,whichassignsattributemetaprop-

ertieswith anontology conceptualmodel,drawsonthefollowing argumentswhich

wediscussin theremainderof thissection:

� To representconceptspropertiesandhelp in determiningconceptmetaprop-

erties,thusfacilitatingtheontologicalanalysis;

� To make ontologicalcommitmentsexplicit by representingalso the hidden

assumptionsmadein theconceptualisation;

� To disambiguatebetweenconceptsthatseemsimilar bothwhenmergingon-

tologiesandwhenreasoningwith sharedknowledge;

� To betterunderstandtheconceptsthatarein thedomain,by:

– knowing whatcansensiblybesaidof a thing falling undera concept,

Page93



A conceptualmetamodelto supportontologyclustering Chapter4

– recognisingwhichpropertiesareprototypical for classmembershipand

whicharethepermittedexceptions,

– distinguishingon whatextentanarbitrarymemberof a classconforms

to theprototype,understanding how andwhich propertieschangeover

time.

4.3.1 Natureof ontologies

Thefirst argumentis basedon thenatureof ontologiesasviews on a particulardo-

main.Ontologiesexplicitly definethetypeof conceptsusedto describetheabstract

modelof a phenomenon andthe constraintson their use[Studeret al. 1998]. An

ontologyis ana priori accountof theobjectsthatarein a domainandtherelation-

shipsmodelling the structureof the world seenfrom a particularperspective. In

orderto provide suchanaccountonehasto understandtheconceptsthatarein the

domain,andthis involvesanumberof things.It involvesknowing whatcanbesen-

sibly saidof a thing falling undera concept.This canberepresentedby describing

conceptsin termsof their properties,andby giving a full characterisationof these

properties.Thus,whendescribingthe conceptBird it is important to distinguish

that somebirds fly andothersdo not. A full understandingof a conceptinvolves

morethanthis, however: It is importantto recognisewhich propertiesareproto-

typical [Rosch1975] for the classmembershipand,moreimportantly, which are

thepermittedexceptions. Thereare,however, differencesin how confidentwe can

be thatanarbitrarymemberof a classconformsto theprototype:it is a very rare

mammalthatlayseggs,whereasmany typesof well known birdsdonotfly.

Understandinga conceptalso involves understanding how and which properties

changeover time. This dynamicbehaviour alsoformspartof thedomainconcep-

tualisationand can help to identify the metaproperties holding for the concept’s

properties.

It mightbearguedthatthiskind of of knowledgehasnotanontological nature,but
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ratheranepistemicone,andto someextentwedoagreewith thiscriticism. But on-

tologiesshouldprovide anactualaccountof a specificviewpoint on a domain.We

believethattheability of ontologiesto facilitatethesharingandreuseof knowledge

andreasoningwith the instantiation of this knowledgecanbe improved if the for-

malmetalevel of thedescriptionis complementedby a richerconceptdescription.

Ontology is alreadyusedmorebroadlyin computersciencethanphilosophy: if we

needalsoto includeepistemicnotionsto resolve the issuesthat computer science

ontologiesaresupposedto address,we shouldnotbestoppedby any consideration

of ontologicalpurity. Indeed,it hasalreadybeenstatedin Chapter2 (Section2.2)

that thereis a cleardistinction betweenthe philosophical notion of ontology and

thenotionof ontology in artificial intelligence(AI), andthusin computerscience.

The philosophical notion regardsan ontology asa particularsystemof categories

accountingfor a certainvision of theworld, andthis systemof categoriesremains

always the same,independentlyof the languageusedto describeit. In artificial

intelligence,an ontology is regardedasan engineeringartifact, which is consti-

tutedby a specificvocabulary describinga specificreality, andby a setof explicit

assumptionsaccountingfor theintendedmeaningof termsin thevocabulary[Guar-

ino 1998]. Ontologies,accordingto this notion, rangein a spectrumwhereformal

ontologiesareatoneend,while somethingcloseto knowledgebasesor evensimple

taxonomiesof termsis at theotherend.For example,in somee-commerceapplica-

tions,ontologiescanjust be taxonomiesof terms,suchastheoneusedin Yahoo!,

which hasno attributesdescribingtheconceptsandno relationshipsbetweencon-

ceptsandnoaxioms[LassilaandMcGuinness2001].

Whenwe considerontologiesfrom a purephilosophicalperspective, they areana

priori descriptionof whatconstitutesnecessarytruth in all possible worlds[Kripke

1980]. It is this formal postureon ontologiesthat makesit possibleto addto on-

tologiesametalevelof descriptionandthusto reasonaboutmetaproperties[Guarino

andWelty 2000c].

Our view on ontologies,given that they make a resourceconceptualisation of the
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domainexplicit, is somewherein the middle of this spectrum:ontologiesshould

provide sufficient information to enableknowledgeengineersto have a full under-

standingof aconceptasit is in thedomain(thatis in therealworld), but shouldalso

enableknowledgeengineersto performa formalontological analysison thesecon-

cepts.If ontologiesareseenin this perspective, thentheboundarybetweenwhatis

to beconsideredontological knowledgeandwhatis epistemicknowledge becomes

blurred.

The reasonfor addingthe attribute metapropertiesto the usualconceptualmodel,

makingeven moredemandingthe processof building ontologiesfrom scratch,is

that we believe that ontologiesshouldbe compatiblewith an a priori accountof

necessarytruth in all thepossible worldsbut alsoprovide someinformation on the

actualworld andall theworldsaccessiblefrom it. It shouldstatenot only what is

necessarilytrueimplicitly, but alsowhatis seenasnecessarilytruefrom aparticular

standpoint.

Theenrichedsemanticsthatcharacterisestheconceptualmetamodel weproposein

thisthesispermitsusto dealwith mismatchesthatcanbecomeapparentwhenmerg-

ing ontologiesindependentlydeveloped,or whenreasoningwith sharedknowledge,

asillustratedis thenext two subsections.

4.3.2 Merging diverseontologies

Thesecondargumentconcernsthe integration of ontologies. Theability to merge

ontologiesis essentialto build thestructureof multiple sharedontologiesdescribed

in Section3.7.1.In fact,mergingontologiesinvolvesidentifyingsemantically over-

lappingonesandcreatinga new one,usuallyby generalisingtheoverlappingcon-

cepts.Thisnew conceptinheritsall the(compatible)propertiesof theoriginalsand

socanbeeasilymappedinto eachof them.Newly createdconceptsinherit proper-

ties,usuallyin theform of attributes,from eachof theoverlappingones.However,

therearecases,ashighlightedin [Welty andGuarino2001], in which recognising
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overlappingconceptsis not sufficient to guaranteethata suitablegeneralisingcon-

cept(expressingthesharedviewpoints)canbefound.

Oneof thekey pointsfor mergingdiverseontologiesis providing methodologiesfor

buildingontologieswhosetaxonomic structureis “clean” (thatis, notvery tangled)

in orderto facilitatetheunderstanding, comparisonandintegrationof concepts.In-

deed,aswe alreadymentioned in Section3.7.1we assumein this thesisthat the

individual ontologiesto be mergedaresoundand littl e, if at all, no tangled. We

have alreadydescribedin Section2.5.1OntoClean,themethodology basedon for-

malontologicalanalysis[Welty andGuarino2001],whichevaluatestheontological

decisionstakenwhile building theontology. This typeof evaluationis basedonon

a rigorousanalysisof the ontological metapropertiesof taxonomic nodes,which

arebasedon the philosophical notionsof unity, identity, rigidity anddependence

[Welty andGuarino2001]andthatwehavedescribedin Section2.5.1.

Whentheknowledgeencompassedin ontologiesbuilt for differentpurposesneeds

to be mergedmismatches(due to the different typesof heterogeneitythat might

affect ontologies) can becomeevident. Many typesof heterogeneityin ontolo-

gies have beendefinedin the literatureas we have alreadyseenin Section3.5,

and the ontology environmentscurrently available try to deal someof the con-

flicts that canarisewhenmerging ontologies,suchas SMART [FridmanNoy and

Musen1999] and CHIMAERA [McGuinnesset al. 2000]. For the scopeof this

discussion we broadlygroupheterogeneitytypesinto two types:syntacticandse-

mantic.Mismatchesarisingbecauseof syntactic heterogeneitycanbedetectedand

resolvedsemi-automatically with limited intervention from thedomainexpert(see

Section3.5.1).Mismatchesdueto semanticheterogeneityrequirea deeperknowl-

edgeof thedomain(Section3.5.2).Examplesof conflictscausedby semantichet-

erogeneitycan be found in [McGuinnesset al. 2000, Tammaand Bench-Capon

2000]. Adding semantics to the conceptdescriptionscanbe beneficialin solving

this lattertypeof conflict,becausearicherconceptdescriptionprovidesmorescope

to resolvepossiblemismatches.In particular, theattributemetapropertiesonwhich
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the conceptualmetamodelbuilds canbe usedto disambiguateconceptsthat seem

similar, on the assumption that candidatesimilar conceptsare describedby the

sameattributeswhich showthesamebehaviourin theconcept’s definition. More-

over, attributemetapropertiescomplementtheconceptsmetapropertiesdefinedby

Welty andGuarino[Welty andGuarino2001], andcan thushelp to evaluate the

taxonomicstructureof the individual ontologiesto be mergedandto make it less

tangled.

4.3.3 Reasoningwith sharedknowledge

Thelastargumentto supporttheontologyconceptualmetamodelwe discussturns

ontheneedto reasonwith theknowledgeexpressedin theontologies.Indeed,when

differentontologiesareintegrated,new conceptsarecreatedfrom thedefinitionsof

the existing ones. In sucha caseconflictscanarisewhenconflicting information

is inheritedfrom two or moregeneralconceptsandonetries to reasonwith these

concepts. Inheriting conflicting propertiesin ontologies is not asproblematic as

inheriting conflicting rulesin knowledgebases,sincean ontology is only provid-

ing themeansfor describingexplicitly theconceptualisationbehindtheknowledge

representedin a knowledgebase[Bernarasetal. 1996].Thus,in aconceptdescrip-

tion conflicting propertiescancoexist. However, whenoneneedsto reasonwith

theknowledgein sharedontologies,conflictingpropertiescanhinderthereasoning

process.In this caseextra semanticinformationon the properties,canbe usedto

derivewhichpropertyis morelikely to applyto thesituationathand.For example,

the ability to evaluatethedegreeof confidencein a propertydescribinga concept

canbe usedto resolve mismatchesthatcanariseif a conceptsinheritsconflicting

properties.In orderto beableto reasonwith theseconflictssomeassumptionshave

to bemade,concerningonhow likely it is thata certainpropertyholds. Of course,

suchsophisticatedassumptionscannotbemadeautomaticallyandareleft to knowl-

edgeengineerswho areassistedin this delicatetaskby a systempresentingthem
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with themostlikely options.

4.4 Moving fr om the knowledgelevel to the symbolic
level

Thediscussion in Section4.3hasarguedin favourof aconceptualmetamodel,mo-

tivatingthechoiceby arguingthatmoresemanticinformation is requiredto beable

to mergeontologiesefficiently and/oreffectively andto reasonwith theknowledge

resultingfrom themergeprocess.In this sectionwe move from theontologylevel

to the symbolic level [Newell 1982] by describinga possible implementation of

theconceptualmetamodelinto a knowledge metamodel. By knowledge modelwe

denotea precise,human-readablespecificationfor a representationof declarative

knowledge. That is, a knowledgemodel is a setof predicatesand functionsex-

pressedin somelogicalkind of calculuswhichformally andconsistently definesthe

meaningof everyconstructavailablein therepresentation[Grossoetal. 1998].The

knowledgemetamodel we proposeaddsa metalevel descriptionto a framebased

knowledgemodel.Weenrichthismodelby characterisingattributeswith respectto

therole they play in theconceptdescriptionandby describingtheirbehaviour over

time.

In thisthesistheinformationencompassedin thisenrichedconceptualmetamodelis

representedat thesymbolic level by usinga frame-basedknowledgemodelOKBC-

like [Chaudhrietal. 1998].Theadvantagesof usingsuchaknowledgeparadigmto

implementtheconceptualmetamodelis thatwecannaturallyrepresentthemetaprop-

ertiesby addingto the conceptdescriptiona setof additionalfacetsrepresenting

them.

Attribute metapropertiescould be addedto any ontology model,but frame-based

representationsystemsare thought to be simpler to useandeasierto understand

than other ontology representationsystemssuchas first order logic, description

logic, etc[LassilaandMcGuinness2001].
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We have illustratedin Table 2.2 (Section2.4) the propertiesthat shouldhold in

order for somethingto be consideran ontology. Frame-basedlanguagesfor on-

tologiessuchasOntolingua [Farquharet al. 1997] andparadigmssuchasOKBC

[Chaudhriet al. 1998] embedthesefeaturesin the languagesyntax(becausethey

arebasedon KIF [Geneserethet al. 1992],which providesa well-definedseman-

tics)Wehaveto notethatany knowledgemodelfor ontologiescouldaccommodate

themetapropertiesfor attributesonwhichtheconceptualmetamodel builds. There-

fore,although weimplementedourmetamodelin aframebasedrepresentation,this

is not mandatory. Theknowledgemetamodelis describedin thefollowing section

andsubsections.

4.5 The proposedknowledgemetamodel

In this sectionwe introduce the frame-basedknowledge modelwe have extended

to accommodatetheattributemetapropertiesthatwehavediscussedin Section4.2.

The knowledgemodelwe useis inspiredby OKBC [Chaudhriet al. 1998], and

thereforesupportsan object-orientedrepresentationof knowledge. In particular,

we usedOKBC Lite [Karp et al. 1999],which is describedby a subsetof theslots

and facetsof the standardOKBC. We chosethe OKBC modelsinceit is widely

acceptedby theontology community andcouldbeeasilyextendedto accommodate

theadditionalfeatures.

It is worthnotingat thispoint thatwehaveusedtheOKBC modelonly asasupport

for theproofof conceptsandthattherearesomedifferencesbetweenthemodelwe

proposeandthe OKBC knowledge model,namely, the setof facetswe defineis

largerthantheonedefinedin OKBC-Lite. Ouraimis not to build anew knowledge

modelfor ontologiesbut to supportasemanticallyenricheddescriptionof attributes

whendefiningconceptsin ontologies.

TheOKBC knowledge modelis basedon thenotions of classes, slots, andfacets.

Classescorrespondto conceptsandto roles(seeSection2.3) that theseconcepts
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can play, and so they are collectionsof objectssharingthe sameproperties,hi-

erarchicallyorganisedinto a multiple inheritancehierarchy, linked by IS-A links.

Classesaredescribedin termsof slots, or attributes,thatcaneitherbesetsor sin-

gle values.A slot is describedby a name,a domain,a valuetype andby a setof

additional constraints,herecalledfacets. Facetscancontainthedocumentationfor

a slot, constrainthe valuetype or thecardinalityof a slot, andprovide further in-

formationconcerningthe slot andthe way in which the slot is to be inheritedby

thesubclasses.Herewepresentourextension to theOKBC knowledgemodel,this

extensionmainly regardsextendingthesetof standardslotsandfacetsprovidedby

OKBC in orderto encompassdescriptionsof theattributeandits behaviour in the

conceptdescriptionandasit changesover time.

In the following sectionswe describethemainentitiescomposing our conceptual

metamodeland we describetheir implementation in the OKBC like metamodel.

This descriptionis not meantto beexhaustive, but just to give anexample of how

the enrichedsemanticconceptualmetamodelcould be implementedin an OKBC

like knowledgemetamodel.For this reason,mostof thedefinitionsaretakenfrom

theOKBC protocol[Chaudhriet al. 1998], to which we refer throughout thesec-

tion, andwedescribein thedetailonly thesuggestedextensions to theprotocol.

4.5.1 Classes,roles,instancesand individuals

A classis definedasa setof entities,andeachentity belonging to this set is an

instance of the class. Suchentitiescanbe eitherconceptsor roles,and they are

distinguishedandlabelledaccordingly. Entitiesthat arenot classesarecalled in-

dividuals. Conceptsandindividualsin theconceptualmetamodelproposedby this

thesisaredefinedconformingto theOKBC protocoldefinition for classesandin-

dividuals[Chaudhriet al. 1998]. Classesare relatedto instancesby the relation

instance of andby its inverserelationtypeof. Classesarerelatedto otherclasses

by therelationsuperclassof andby its inversesubclassof, definedasin [Chaudhri

Page101



A conceptualmetamodelto supportontologyclustering Chapter4

etal. 1998].Therelationssuperclassof andsubclassof organiseclasseshierarchi-

cally thusdeterminingtheIS-Ahierarchy.

Classesarealsousedto representroles, whichcanbethoughtof describingthepart

playedby a conceptin a specificcontext, (a morecompletediscussion on rolesis

postponedto Section4.7.2). Sowe maintain a frame-like syntaxfor rolesaswell.

Conceptsaredistinguishedfrom rolesby addingthefacet:CLASS-TYPE to theset

of facets,and this can take as valueeitherConcept or Role , and by defining

the classwhich playsthe role that is beingdescribed(seeSubsection4.5.5). It is

importantto noteherethatwe arenot concernedwith theproblemof supportinga

role representationin thesyntaxof theconceptualmetamodel.Theproblemweare

concernedwith is to provideknowledgeengineerswith enoughsemanticinforma-

tion in orderto enablethemto recognisea role anddistinguish it from a concept.

By representingrolesasclasseswe enablethedefinitionof role instancesandthe

creationof a IS-A hierarchyfor roleswhich is separatefrom the onefor concepts

(seeSubsection4.5.4).

Picture4.1shows thesetof facetsdescribinga genericslot in theknowledge meta-

modelwepropose,andwhich is derivedby OKBC Lite.

4.5.2 Frames,slots,and facets

If theframerepresentsaclassthenit is associatedwith asetof templateslots, which

describepropertiesof thesubclassesandthe instancesof theclass.Own slotsare

alwaysassociatedwith a valueor asetof values.

In line with thedefinitionof framesin OKBC, theknowledgemetamodelwe pro-

poseheredefinesa frameasaprimitiveobjectrepresentinganentityof thedomain

wearedescribing.Framescanrepresenteitherclassesor individuals.In theformer

casethey arecalledclassframesandin thelatter individual frames.

A frameis associatedwith a setof own slotswhich describethe direct properties

of the entity representedby the frame,that is own slotsdescribeattributeswhose
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Figure4.1: TheadditionalandstandardOKBC facetsof theknowledgemetamodel
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valuemustbethesamefor all instancesof theconcept.Eachown slot is associated

with a setof entitiescalledslot values; moreformally for eachvalueV associated

with anown slotS of a frameF theown slotS is abinaryrelationholding between

theentity representedby F andtheentity representedby V. Eachownslot hasasso-

ciatedwith it asetof ownfacetswhereeachownfacetof aslotS is associatedwith

asetof facetvalues. A facetdefinesa ternaryrelationsuchthatfor eachvalueV of

own facetFaof slotSof frameFr, therelationFaholdsfor therelationS,theentity

representedby V andtheentity representedby Fr.

Templateslotscanbeassociatedwith eithera valueor a class,andrepresentthose

attributeswhosevaluemaybedifferentfor eachinstanceof a concept.Thevalues

associatedwith templateslotsareinheritedto subclassesin thetheclasshierarchy

andto instances.For eachvalueV of a templateslot S of a classC, S definesa

binary relationshipbetweenthe classrepresentedby C andthe entity represented

by V. Thisrelationship in turnholdsfor all thesubclassesandall theinstancesof C.

A templateslot of a classframe is associatedwith a set of template facetsthat

describeown facetsfor thecorrespondingown slotsof eachinstanceof the class.

Also thevaluesof templatefacetsareinheritedby thesubclassesandtheinstances

of the class. A facetformally definesa ternaryrelationFa that holdsfor relation

representedby the templateslot S, theentity representedby valueV andtheclass

representedby theclassframeC.

The knowledgemetamodelwe proposecan also accommodateinstantiatedrela-

tionshipsbetweenentitiesof thedomain,following theOKBC knowledgemodel.

Relationsmay thusbe representedby framesaswell, andparticularlyby describ-

ing a slot or a facetasa frame. This framedescribesthedefiningpropertiesof the

relationrepresentedby theslot or theframe.Suchframesarecalledin OKBC slot

frameif representinga slotandfacetframe if representinga facet.

Justabrief noteonslotsandfacetsfor roles:they arethesameasthoseusedto de-

scribeconcepts,but we assumethatthoseslotsandfacetsfor which a valuewould

not be appropriatewhendescribingroleswould not be includedinto theclassde-
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scription.

4.5.3 Primiti veand Non-Primiti veClasses

As in OKBC, wealsodistinguishbetweenprimitiveandnonprimitiveclasses.This

distinction is importantbecausefor thevaluesasssociatedwith thedescriptions of

slotsandfacetsin our knowledgemodel(thustemplateslotsvaluesandtemplate

facetvaluesin OKBC) usuallyspecifya setof necessaryandsufficient conditions

for beingan instanceof theclass.On theotherhand,for whatconcernsprimitive

classesthevaluesassociatedwith thedescriptionsof slotsandfacetsin ourknowl-

edgemodelspecifynecessaryconditionsonly. Primitive andnonprimitive classes

arefeaturesthatOKBC inheritsfrom descriptionlogic, whichusesthemto provide

necessaryandsufficient propertiesfor classinstances,they enableanobjectto be

recognisedasaninstanceof aclass.

4.5.4 The pairs frame-slot and slot-facet

In ourknowledgemodelweassumethatfor eachframeasetof slotsis definedand

for eachslotattachedto a frameit is associatedwith acollectionof facets,in away

suchthatafacetFais associatedwith apairFr-S(frameslot) if thefacethasavalue

for theslotat theframeandanalogously aslotS is associatedwith a frameFr if the

slothasavalueat theframeFr.

A facetdoesnot alwaysassociatea singlevaluewith a slot. In fact, if theconcept

that is being describedis a generalone (thus locatedin the higher levels of the

hierarchy)thenis highly likely thatoneor morevaluesareassociatedwith a slot.

In ourmodelwe assumethesevaluesto besets, thereforecomprisinganunordered

collectionwithout multiple occurrences.The sameassumption is madein OKBC

to avoid theproblemsarisingfrom a lackof suitableformal interpretationfor:
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� multiple slotsor facetstreatedasunorderedor orderedcollections of objects

with possiblymultipleoccurrencesof thesamevaluein thecollection;

� the orderingof valuesin thosecollectionsof valueswhich areorderedand

resultform multiple inheritance;

� the multiple occurrenceof valuesin thoseunorderedcollectionsthat result

from multiple inheritance;

4.5.5 Standard classes,slotsand facets

Weassumeherethatourknowledgemodelincludesonly asubsetof thecollections

of classes,slotsandfacetswith pre-specifiednameandsemantics,thatareprovided

by theOKBC standard.Wehaveselectedthemostcommonly usedslotsandfacets

asin OKBC-Lite [Karp et al. 1999],a simplified versionof OKBC. The standard

classesare not consideredmandatoryfor representinga concept,but if they are

used,thenthey have to satisfythesemanticsspecifiedhere.

Classes

The following standardclassesaredefinedin OKBC-Lite andthe modelguaran-

teesthattheir namesarevalid valuesfor the :VALUE-TYPE facetdescribedin Sec-

tion 4.5.5:

Thing

:THING is assumedto betherootof theclasshierarchyfor any ontology, thatis the

superclassof everyclassin everyontology.

Class

:CLASS is the classof all classes.In otherwordsany entity that is a classis an
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instanceof CLASS.

Individual

:INDIVIDUAL is theclassof entitiesthatarenot classes.In otherwordsany entity

thatis notaclassis aninstanceof INDIVIDUAL.

Number

:NUMBER is theclassof all numbers,andis a subclassof INDIVIDUAL. We do not

makeany specificassumptionon theprecision.

Integer

:INTEGER is the classof all integers. It is a subclassof :NUMBER, andso no as-

sumption is madeon theprecisionalsofor :INTEGER

String

:STRING is theclassof text strings.It is asubclassof INDIV IDUAL

Standard facets

This subsectionillustratesthe standardfacetsthat canbe attachedto a slot. The

facetswe usein our modelaretaken from OKBC-Lite, anda full specificationof

thesefacetscanbe found in the OKBC referencemanual[Chaudhriet al. 1998].

Weonly disregardthe:COLLECTION-TYPE facet,asweassumethatourknowledge

metamodeldealswith thesettypealone.

Valuetype

The:VALUE-TYPE facetdefinesa typerestrictionon thevaluesof aslotof a frame.

If the facet:CLASS-TYPE is associatedwith the valueRole then :VALUE-TYPE

facetdescribesthe conceptplaying the role describedin the frame. For example

if the frameis describingthe role Studentthenthe :CLASS-TYPE hasvalueRole
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andthe facet:VALUE-TYPE hasvaluePerso n to indicatethata personplaysthe

role of a studentdependingon somesituations, for instancewhen they enroll to

the university. The valuesassociatedwith a :VALUE-TYPE facetmustbe classes.

A valueC for the facet:VALUE-TYPE of thepair slot S-frameF meansthatevery

valueassociatedto theslotSdescribingtheframeF mustbeaninstanceof theclass

C. If the :VALUE-TYPE facethasmultiple valuesfor a slot S describinga frameF,

thenthe valuesof S mustbe an instanceof every classdenotedby the valuesof

:value-type.

Inverse

The:INVERSE facetof a slot definesinversesfor thatslot for thevaluesassociated

with theslot of the frame. Valuesof this facetsareslotsthemselves. If we have a

slot ¦�� of frameF whoseinverseslot is ¦2� (definedby associating¦F� with thefacet

:INVERSE), thismeansthatif V is avalueof slot ¦¨� of F, thenF mustbeavalueof

¦¯� of V.

Cardinality

The :CARDINALITY facetis associatedto a nonnegative integerwhich definesthe

exactnumberof valuesthatcanbeassertedfor aslotonaframe.Thatis if thefacet

CARDINALITY is associatedwith the valueN on slot S on frameF, thenS hasN

valuesonF.

For exampleif we modelledthe conceptMother in the frameMother , thenthe

slot Parent- of will have :CARDINALITY greaterthanor equalto 1 to indicate

thefactthataparentis suchif they have1 or morechildren.

The valuesto associateto a slot S of frameF neednot to be known in advance,

theonly informationprovidedby thefacet:CARDINALITY is thatwhenthevalues

for slot S areknown thenumberof valuesfor slot S mustbe exactly N, thevalue

associatedwith :CARDINALITY.
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MaximumCardinality

Forsomeslotsonemightneedto assertnottheexactnumberof valuesbut arangeof

numberof values,andthisisdonebyassociatingvalueswith thefacets:MAXIMUM-

CARDINALITY and:MINIMUM-CARDINALITY (seebelow). Thefacet:MAXIMUM-

CARDINALITY definesthemaximumnumberof valuesthattheslotSof frameF can

take. It is alwaysa nonnegative integerN, whichdenotesthattheslot S of frameF

hasat mostN values.

MinimumCardinality

The facet:MINIMUM-CARDINALITY assertsthe minimum numberof valuesthat

theslotSof frameF cantake. Thisvalueis anonnegative integerN, whichdenotes

thattheslotS of frameF hasat leastN values.

Numericminimum

The :NUMERIC-MINIMUM facetspecifiesa lower boundon the slot S of frameF,

whosevaluesarenumbers.Thefiller associatesanumberwith thefacet:NUMERIC-

MINIMUM .

Numericmaximum

An upperboundonthevaluesof slotSof frameF canbespecifiedby associatinga

numericvaluewith thefacet:NUMERIC-MAXIMUM of slotS.As for theNUMERIC-

MINIMUM facet,theslotS hasto beassociatedwith valueswhicharenumbers.

The standard OKBC slots

In thissectionwe introducethestandardslotsof theOKBC-Lite [Karp et al. 1999]

knowledgemodelandthosedefinedon slot frames. Theselatter type of slotsare

thoseusedin definingslot frames,they describepropertiesof a slot which hold at

any framethatcanhaveavaluefor theslot [Chaudhriet al. 1998].
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Slotsusuallyspecifyattributesof aclassor a relationshipbetweenclasses.

We do adoptall the slotson slot framesof OKBC-Lite but :SLOT-COLLECTION-

TYPE, sinceweonly considersetsin theknowledgemetamodelwepropose.

Documentation

The:DOCUMENTATION slot is associatedwith valuesin aframethataretext strings

providing thedocumentation for that frame. Note that thedocumentation thatde-

scribesa classis a value of the own slot :DOCUMENTATION on the class. This

slot shouldgive anaccountof information suchaswhy therankinghasbeensetto

a specificvalueor what is the context associatedwith a prototype(seebelow the

discussionconcerningprototypes). It shouldpermit keepingtrack of the process

leadingto themodelling decisions.

SlotsonSlotFrames

Domain

The:DOMAIN slot specifiesthedomainof thebinaryrelationwhich is modeledby

theslot frame.Eachvalueassociatedwith thisslot hasto beaclass.If a slot frame

SassociatesavalueC to theownslot :DOMAIN theneveryframethathasavaluefor

own slot S mustbeaninstanceof C, andevery framethathasa valuefor template

slotS mustbeC or own of its subclasses.

The:DOMAIN slot of a slot frameS canbeassociatedwith multiple values��� � ��� �
 " " =� �%$ , andin suchacasethedomainof slotS is constrainedto betheintersection

of classes�I� � ��� �� " " =� �%$ . Moreover, every slot is consideredto have :THING asa

valuefor its :DOMAIN slot.

Slotvaluetype

The :SLOT-VALUE-TYPE slot definesthe rangeof the binary relationship repre-

sentedby theslot,thatis theclassesof whichthevalueof aslotmustbeaninstance.
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The valueassociatedwith :SLOT-VALUE-TYPE canalsobe a setof keywordsde-

finedusingtheset-ofconstructorprovidedby OKBC.

If theadditionalfacet:CLASS-TYPE (seeSection4.5.5)is associatedwith thevalue

Role then:SLOT-VALUE-TYPE describestheconceptplayingtheroledescribedin

theframe.For example if theframeis describingtheroleStudentthenthe:CLASS-

TYPE hasvalueRole andthe slot :SLOT-VALUE-TYPE hasvaluePerson to in-

dicatethat a personplaysthe role of a studentdependingon somesituations, for

instancewhenthey enrolto university. Thevaluesassociatedwith a :SLOT-VALUE-

TYPE slotmustbeclasses.A slot frameSthathasanown slot :SLOT-VALUE-TYPE

associatedwith a valueV musthave theown facet:value-typeassociatedwith the

valueV for theslotS of any frame(i.e.,entity) thatis in thedomainof S.

Slotinverse

The :SLOT-INVERSE slot allows the specificationof an inverserelationfor a slot.

Thevaluesassociatedwith :SLOT-INVERSE areslotsthemselves. If we have a slot

S with own slot :SLOT-INVERSE associatedwith valueV, thenthe own facet:IN-

VERSE hasvalueV for slotS of any framethatis in thedomainof S.

Slotcardinality

The :SLOT-CARDINALITY slot is a nonnegative integer which definesthe exact

numberof valuesthatcanbe assertedfor a slot for thoseentitieswhich arein the

slot domain. If the own slot :SLOT-CARDINALITY of a slot frameS hasvalueV,

thentheown facet:CARDINALITY for theslotS of any framethatis in thedomain

of S mustbeassociatedwith V.

Slotmaximumcardinality

The slot :SLOT-MAXIMUM-CARDINALITY is a non-negative integer defining the

maximum numberof valuesthatcanbeassertedfor a slot of thoseentitiesthatare

in theslotdomain.If theown slot :SLOT-MAXIMUM-CARDINALITY of aslot frame
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ShasvalueV thentheown facet:MAXIMUM-CARDINALITY musthavevalueV for

slot theS of any framethatis in thedomainof S.

Slotminimumcardinality

The slot :SLOT-MINIMUM-CARDINALITY is a non-negative integer defining the

minimum numberof valuesthat can be assertedfor a slot of thoseentitiesthat

are in the slot domain. If the own slot :SLOT-MINIMUM-CARDINALITY of a slot

frameShasvalueV thentheown facet:MINIMUM-CARDINALITY musthavevalue

V for slot theS of any framethatis in thedomainof S.

Slotnumericminimum

Analogouslyto the:NUMERIC-MINIMUM facet,theslot:SLOT-NUMERIC-MINIMUM

definesa lower boundon thevaluesthatmight beassociatedwith a slot for those

entitieswhich arein theslot domain.If theslot frameS associatesa valueV with

theown slot :SLOT-NUMERIC-MINIMUM thentheown facet:NUMERIC-MINIMUM

mustassociatesthevalueV with theslotSof any framewhichis in thedomainof S.

Slotnumericmaximum

The slot :SLOT-NUMERIC-MAXIMUM definesan upperboundon the valuesasso-

ciatedwith a slot for thoseentitieswhich arein theslot domain. If theslot frame

S associatesa valueV to the own slot :SLOT-NUMERIC-MAXIMUM thenthe own

facet :NUMERIC-MAXIMUM must associatesthe value V with the slot S of any

framewhich is in thedomainof S.

Extensionsproposedin this thesis

In themetamodelwe proposein this thesiswe donot really addany modelling slot

to theonesof OKBC Lite describedabove [Karp et al. 1999],whichadoptwith no

modificationsto theirmeaning.Weonly disregardthosefacetsandslotsconcerning
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collections, sincewe only considersets.Theonly additionwe make is a documen-

tation slot,whichdocumentstheframe.

Documentation in frame

Thefacet:DOCUMENTATION-IN-FRAME associateswith aslotof aframetext strings

with thedocumentationfor thatsloton thatframe.

The additional facets

Theadditional facets

We have extendedtheOKBC-Lite modelto accommodatetheattributemetaprop-

ertiesMutability, Mutability Frequency, EventMutability, Reversible Mutability,

Modality, Prototypicality, Exceptionality, Inheritance, andDistinction.

However, theseadditional facetsarenot mappedby correspondingslots into slot

framessincetheinformationencompassedin theadditionalfacetsmakessenseonly

whenaslot is associatedwith a frame,whereasit is undefinedwhentheslot is con-

sideredon its own.

Classtype

Thefacet:CLASS-TYPE hasbeenaddedto theOKBC-Lite onesto specifywhether

theclassthatis beingdefinedis aconceptor arole. Thisfacetcantaketwo possible

values:conce pt androle whichareusedto changethemeaningof someof the

framefacets.

Valuelabel

This facetmodelsthe metapropertiesInheritanceandDistinction, thatdistinguish

thoseconceptspropertiesthatpermitthedistinction betweensiblingsof asamepar-

entconceptfrom thoseconceptspropertiesthatareinheritedfrom someparentcon-

cepts.Thevalueassociatedwith thefacet:VALUE-LABEL of slotSof frameF isone

ormoreelementsfromthesetof keywords: I nherited , Inher ited with ex-
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ceptions , Disting uishing , Value
� . If thevalueassociatedwith theslot is

Inherited this meansthat the valueassociatedwith S hasbeeninheritedfrom

somesuperclass,whereasif it is Inher ited with exceptio ns thentheslot

inheritsthevaluefrom its parentframe,however somemodifications(for example

restrictionon thedomain)is madeon thesetof valuesassociatedwith theslot. If

theslot valueis labelledthroughthefacet:VALUE-LABEL asDistin guishing

thismeansthatit is avaluethatdifferentiatesamongsiblingswith acommonsuper

class.If theslotvalueis labelledasValue it meansthatthevalueis neitherproto-

typical,nor inheritedor distinguishing.

It shouldbenotedthat inheritedanddistinguishingvaluesareincompatible in the

sameconceptdescription,that is a valueis either inheritedor distinguishing,but

cannotbeboth. On theotherhanda valuecanbeprototypical (seenext facet)and

inherited.Distinguishingvaluesbecomeinheritedfor subclassesof theclass.

Of coursealsofor distinguishingvaluesit canbethatinheritancedoesnot concern

thewholerangeof values,but only asubrange.

Valueprototypes

This facetmodelsPrototypicality, which permitsusto identify a prototypical con-

ceptsproperty(modelledby associatingasetof prototypicalvaluesto anattribute).

Thefacet:VALUE-PROTOTYPES of slot S of frameF specifieswhich valuesof slot

S areconsideredprototypical in thecontext specifiedby the frameF, that is those

valuesthat arenormally (in the conceptionof the ontology designers)associated

with theslot S whenthis is describingtheconceptat frameF. This enablestheon-

tologydesignersto expresswhatis believed to benormalfrom their perspective.

Therefore,thevaluesassociatedwith theslotSatframeF arethosetruefor any pro-

totypical instanceof theclass,but exceptionsarepermittedwith a degreeof credi-

bility expressedby theslot :MODALITY (seealsothefacet:VALUE-EXCEPTIONS).

For example,in the conceptBlood Pressu re the prototypical values(that is

thevaluesof bloodpressurefor anhealthyindividual over 18) arebetween90 and
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130for systolic pressureandbetween60and85 for diastolicpressure.This notion

of prototypical valuesis relatedto the analogousonein cognitive science[Rosch

1975]andis discussed,togetherwith thenotionof exceptionin Section4.7.4.

Valueexceptions

Thefacet:VALUE-EXCEPTIONS of slotSof frameF specifieswhichvaluesof those

associatedwith slot S areto beconsideredasexceptional,that is thosevaluesthat

arepermittedin theconceptdescriptionbecausethey arein thedomain,but deemed

exceptionalfrom a commonsenseviewpoint. It modelsthe metapropertyexcep-

tionality. Exceptionalvaluesarenot only thosewhich differ from theprototypical

onesbut alsoany valuewhich is possible but highly unlikely. The valuethat this

facetcantake is thereforea valueor a subsetof thevaluesassociatedwith theslot

S. Let usconsideragainthebloodpressureexample. Exceptionsarethosevalues

registeredfor peopleaffectedby conditionssuchashypertension or hypotension

andarethereforethosein therangeof valuesfor theslot blood pressu re but

outside therangedeterminedby theprototypicalvalues.Thatis, exceptional values

for systolic pressurearethosein therangeof theslot thataresmallerthan90 and

greaterthan130, whereasfor diastolic pressure,the exceptional valuesare those

smallerthan60andgreaterthan85.

Valuemodality

Thefacet:VALUE-MODALITY of slot S of frameF modelstheModality metaprop-

erty anddenotesthedegreeof confidenceof thefactthattheslot is associatedwith

oneor morespecifiedvalues. It describesthe classmembershipconditions. The

valueassociatedwith this facetis a nonnegative integerbetween1 and7. Eachof

thesenumbersis associatedwith aspecificmeaning.Thepossiblevaluesassociated

with thisslotsarereportedbelow togetherwith anexampleshowing casesin which

eachof thevaluesapply:

1. All . Let us assumewe have a framePerson which is describedby the
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propertyhas fingerprints modelledby associatingthe value Yes with the

slot :HAS-FINGERPRINTS. The propertyof having fingerprints(asopposed

to a specificinstanceof it, for example JohnDoe’s fingerprints)is inherited

by all subclasses,that is all the subclassesof Person (suchas Child ,

Teenager , Adult , andsoon) havefingerprints.This kind of information

is describedby associatingthefiller All with thefacet:VALUE-MODALITY

whendescribingtheslot :HAS-FINGERPRINTS;

2. Almost all . A typical exampleof a propertywhich holdsfor almostall

thesubconceptsof theconceptwhichisbeingdescribedis themammals’ abil-

ity to givebirth to liveyoung.In factalmostall speciesof mammalsgivebirth

to live youngwith the exceptionsof a particularfamily, calledmonotremes

who doesnot. If we were to model this situation, the slot :ABIL ITY-TO-

GIVE-BIRTH-TO-L IVE-YOUNG would bedescribedby valueAlmost all

associatedwith thefacet:VALUE-MODALITY;

3. Most . The filler Most is to be usedin thosecaseswherethe majority of

subclassesinherit the property. For example,let us supposeto considerthe

conceptCat. Themajority of catshaveshorthair, althoughthereisaconsider-

ablenumberof catspecieswhohavelonghair. If wehadto modeltheconcept

by associatingwith it thepropertyhasshorthair, thensucha slot would be

describedby associatingthefiller Most to thefacet:VALUE-MODALITY;

4. Possible . In somecases,however, we might not have any information

concerningthedegreeof applicability of a propertyto thepropertiessubcon-

cepts.For example,let usconsidertheconceptuniversity professor. In some

countries,like Italy, for instance,it is not alwaysthecasethat in orderto be

a professoronehasto be awardeda PhD.On the otherhandin someother

countries,liketheUK or theUnitedStates,it is oftenthecasethataprofessor

hasa PhD.If we hadto modeltheconceptprofessorthepropertyhasa phd

wouldbedescribedbyassociatingthevaluePossibl e to themodalityfacet,
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in that it is possiblethat thepropertyholdsfor someof thesubclassesof the

concept,but we do not have information concerningthe specificsubclasses

for which thepropertyholdsneitherweknow for how many of them;

5. A Few. It hastheopposite semanticsof Most . For example,let ussuppose

that we aremodelling the conceptPenguin. Most penguinslive in cold en-

vironments,however thereare few penguinswho have adaptedto live on a

beachin CapeTown, wherethetemperaturecanriseup to 40 C. If we mod-

elled the conceptPenguin, it would be describedby the property living in

warmenvironments, but with themodality setto A few .

6. Almost none . It hasthe oppositesemanticsof Almost all . For ex-

ample, let us supposeto model the conceptgraduates. Usually graduates

arethosewho have beenawardedwith a degreefrom a university. However,

therearedegreesawardedhonoriscausaewhich areawardedalsoto people

who have not attendedany university. So, the propertyof having a second

degreefor the classof peoplewho received a degreehonoriscausaewould

be modelledby associatingthe valueAlmost none to the facet:VALUE-

MODALITY ;

7. None. It hasthe oppositesemanticsof All . It modelsthe absenceof a

certainproperty. For example,if we modeltheconceptBird, thenits ability

to fly would be describedby associatingthe modality Possible with the

propertycanfly. However, this propertyis not inheritedby all subconcepts,

therefore,if wemodeltheconceptPenguin, thepropertydescribingtheability

to fly maybecharacterisedby associatingwith it themodalityNone, which

is equivalent to saythat the propertydoesnot hold for any instanceof that

concept.

Thelastthreefillers,A Few, Almost none andNone, they canbethoughtasthe

counterpartsof thevaluesMost , Almost all , andAll . In particularthevalue
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None associatedwith this facetis tantamountto negation. The valueNone asa

possiblefiller for theslot VALUE-MODALITY makessenseespeciallyin thecontext

of conflictsresolutionin caseof inheritance,andhasbeenaddedto themodelin the

hypothesis thatsuchmodelis usedto supportsemi-automatic conflict resolution.It

wouldmake little sensefor aknowledgeengineerto includein theconceptdescrip-

tion apropertywhosedegreeof applicability to subclassesis none.

Valuechange frequency

The facet :VALUE-CHANGE-FREQUENCY of slot S of frame F specifieswhether

andhow oftenthevalueof slot S changesduringthelifetime of theconceptwhich

is representedby the frameF. It modelsthe propertiesMutability andMutability

Frequency. Thevalueassociatedwith thisslot is anelementof theset:  Regular ,

Once only , Volatile , Never
� .

If thevalueof theslot is Regula r it denotesthatthechangeprocessis continuous,

for instancetheageof a personcanbemodelledaschangingregularly. If thefacet

valueis to Once only it meansthat only onechangeover time for thevalueof

slot S is possible, while if thevalueof theslot is Never it specifiesthat thevalue

of theslotSis setonly onceandthenit cannotchangeagain,for exampleaperson’s

dateof birth oncesetcannotchangeagain,andfinally Volatil e meansthat the

changeprocessis discreteandcanberepeatedat irregular intervals, that is theat-

tribute’svaluecanchangemorethanonce;for examplepeoplecanchangejob more

thanonce

Value-change-events

This facetmodelsthemetapropertyMutability Event, andit identifiesthoseevents

thatcancauseanattributeto changeits value.The:VALUE-CHANGE-EVENTS facet

specifiestheconditionsunderwhich thevaluesassociatedwith slot S change.It is

associatedwith oneor morequadruples

:9�9?G¨° � ¦�° �>V ° ;0� � ° ;"M ± J ./�! " " #��²��
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where G¨° is an event, ¦�° is the stateof the pair attribute-valueassociatedwith a

property, V ° definesthe event validity and
� ° denoteswhetherthe changeis re-

versible or not, thusmodelling the propertyReversibleMutability (which denotes

a concept’s propertythatcanchangein time,but whosechangeis reversible).The

semanticsof this facetis explainedin Section4.7.1.

If the classdescribesa role, that is the facet:CLASS-TYPE is associatedwith the

valuerole , thenthe facet:VALUE-CHANGE-EVENTS definestheconditionsreg-

ulating the acquisition andthe relinquishmentof a role. This point is further dis-

cussedin Section4.7.2.

4.6 Expressivepower of the conceptual metamodel

Theconceptualmetamodelwhoseimplementationhasbeenpresentedin theprevi-

oussectioncanaccommodatealmostall themodelling primitiveswhichareconsid-

erednecessaryto write ontologies.We do not have axiomsasthey wereout of the

scopeof this thesis.However, axiomswill beconsideredin futuredevelopments.

As we have alreadymentioned,conceptsarerepresentedby classes,which arede-

scribedin termsof attributesor properties,describedby pairsslots-values. In this

knowledgemodel slots are usedto describeboth intrinsic and extrinsic concept

properties.Accordingto GuarinoandWelty [GuarinoandWelty 2000a,page100]:

An intrinsic propertyis typically somethinginherentto an individual,
not dependenton other individuals,suchashaving a heartor having
a fingerprint. Extrinsic propertiesarenot inherent,andthey have re-
lationalnature,like ”being a friend of John”. Among these,thereare
somethat are typically assignedby externalagentsor agenciessuch
ashaving a specificsocialsecuritynumber, having a specificcustomer
i.d., evenhaving aspecificname.

Herewe take the sameview by consideringintrinsic propertiesas thoseinherent

to individuals,andwhich arenot determinedby otherindividuals,suchashaving
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a particularsetof fingerprints.Intrinsic propertiesrepresentdescriptive featuresof

theclassandthuscorrespondto themodellingprimitiveattributes.

Extrinsicpropertiesarethosenot inherentto an individual andwhich have a rela-

tional nature.They representrelationsbetweenclasses,thuscorrespondingto the

modellingprimitive relationship.

So slot-value(s) pairs are usedto describepropertiesholding for a class,in turn

propertiesaredescribedby a setof pairs facet-valuethat characterisethe proper-

ties. The original OKBC facetsdescribethe syntaxof properties,for exampleby

definingwhetherthey arerepresentedby stringsor numbersand,in thelattercase,

by definingtheirminimumandmaximumvalues.Theadditional facetsthatextend

the OKBC modelaremoreconcernedwith the semanticsof the propertieswhen

they areusedin a specificcontext determinedby the frame,describing,for exam-

ple, the behaviour over time or the degreeof credibility with which the property

holds.

The knowledge modelpresentedin Section4.2 is motivatedby the thediscussion

illustratedin Section4.3. It is basedon anenrichedsemanticsthataimsto provide

a betterunderstanding of the conceptsandtheir propertiesby characterisingtheir

behaviour.

Dependingon theobjectthey characterise,propertiescanbedefinedfor instances

andclasses, but we canalsodefinemetaproperties. Instancepropertiesarethose

exhibitedby all theinstancesof a concept.They might specialiseclassproperties,

which insteaddescribepropertiesholding for the class. Conceptmetaproperties

havebeenmainlydescribedin philosophy (seeSection2.5.1for a full account),and

include identity, unity, rigidity anddependency. In Section4.2 we have described

the setof attribute metapropertieswhich definesthe metalevel on our conceptual

model(Section2.3).

Propertiescanalsobedividedinto prototypical,necessary, distinguishing,inherited

andsimple valueassignments. Conceptsin theknowledgemodelarehierarchically

organisedaccordingto an Is-a relationship that permitspropertyinheritancefrom
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ancestorsto descendants.The propertiesthat are inheritedfrom an ancestorare

labelledasinherited. However, inheritedpropertiescanbe overruledin the more

specificconceptin orderto accommodateinheritancewith exceptions.Theproper-

tiesthathavebeenoverruledarelabelledasdistinguishing (accordingto thedefini-

tion givenin Section3.7.1),sincethey allow usto distinguishbetweensiblingsof a

sameparentconcept.Wegive to thetermdistinguishingabroadermeaningandwe

decideto associatethelabeldistinguishingwith any casewhereavalueassignment

permitsto disambiguateamongsiblings.A propertyis to beconsiderednecessaryif

it is essentialto all instancesof theconcept,while is prototypical if it holdsfor the

prototypical instancesof theconceptonly. Thenotion of essentialpropertyrelates

to the ideaof necessarycondition while prototypicalpropertiespermit to identify

prototypes,discussedin Section4.7.4.Finally, a propertylabelledasvalueassign-

mentassociatesa valueto anattributein orderto describea specificfeatureof the

instancesof theconcept,suchashair colour= brown.

Roles,alreadydefinedin Section2.3,arealsosupportedin this knowledgemodel;

they arerepresentedasconceptsbut thefacet:CLASS-TYPE is setto role , sothat

we areableto distinguishthemfrom a conceptdefinition. As for the rest,a role

hasexactly thesamedefinitionasaconceptsincerolesaredescribedin termsof at-

tributesthataretypicalof a roleandareorganisedinto a is-ahierarchytotally anal-

ogousto theonedefinedfor concepts,wherethe inheritanceof propertiesthrough

the role hierarchyis permittedin order to representpropertiesthat are typical of

roles.Mostof theconsiderationwemadefor conceptshold for rolesaswell, there-

forewecanconsiderprototypicalpropertiesfor roles,distinguishingpropertiesand

soon andsoforth. Whatdistinguishesa role from a conceptis that therole holds

during a specificspanof time. Rolesandtheir propertiesarediscussedbelow in

Section4.7.2
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4.7 Relating theextendedknowledgemodel to themo-
tivations

In orderto usetheenrichedconceptualmodelknowledgeengineershaveto provide

moredetailsconcerningtheconceptsthanif they wereusinga traditional OKBC-

like knowledgemodel;they arethusguidedin performingtheontological analysis

which is usuallydemandingto perform.

Furthermore,the enrichedknowledgemodelforcesknowledgeengineersto make

ontologicalcommitmentsexplicit. Indeed,realsituationsareinformation-rich events,

whosecontext is sorich that,asit hasbeenarguedby Searle[Searle 1983], it can

never befully specified.Many assumptionsaboutmeaningandcontext areusually

madewhendealingwith realsituations[Rosch1999].Theseassumptionsarerarely

formalisedwhenrealsituationsarerepresentedin naturallanguagebut they haveto

beformalisedin anontologysincethey arepartof theontologicalcommitmentsthat

have to bemadeexplicit. Enrichingthesemanticsof theattributedescriptionswith

thingssuchasthebehaviour of attributesover timeor how propertiesaresharedby

thesubclassesmakessomeof themoreimportantassumptionsexplicit.

The enrichedsemanticsis essentialto solve the inconsistenciesthat ariseeither

while integratingdiverseontologiesor while reasoningwith the integratedknowl-

edge. By addinginformationon the attributeswe areable to measurebetterthe

similarity betweenconcepts,to disambiguatebetweenconceptsthat seemsimilar

while they arenot,andwe have meansto infer which propertyis likely to hold for

a conceptthatinheritsconflictingproperties.

A possibledisadvantageof sucha semanticallyenrichedknowledgemodel is the

high number of facetsthat needto be filled whenbuilding ontologies. We realise

that this canmake building an ontology from scratcheven moretime consuming

but we believe that theoutcomesbalancetheincreasedcomplexity of thetask. In-

deed,in orderto fill theadditional facetsknowledge engineersneedto have a full

understandingnot only of the conceptthey aredescribing,but alsoof the context
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in which the conceptis used. Arguably, they needsuchknowledgeif they areto

performthemodelling taskthoroughly.

Theremainderof thissectiondescribestheadditionalfacetsandrelatesthemto the

discussion in Section4.3.

4.7.1 Attrib ute behaviour over time and characterisationof iden-
tity

The metapropertiesMutability, Mutability Frequency, EventMutability, and Re-

versibleMutabilityaremodelledin theknowledgemetamodelby thefacets:VALUE-

CHANGE-FREQUENCY and:VALUE-CHANGE-EVENT whichdescribethebehaviour

of fluentsover time. Thebehaviour over time is closelyrelatedto establishing the

identity of conceptdescriptions[GuarinoandWelty 2000b],in thatsomeproperties

canchangewithout affecting the identity of the changingindividual. Describing

thebehaviour over time involvesalsodistinguishingpropertieswhosechangeis re-

versiblefrom thosewhosechangeis irreversible.

Propertychangesover time arecausedeitherby thenaturalpassageof time or are

triggeredby specificeventoccurrences.We need,therefore,to usea suitabletem-

poralframework thatpermitsusto reasonwith time andevents. Themodelchosen

to accommodatetherepresentationof thechangesis theEventCalculus[Kowalski

andSergot 1986]. Eventcalculusdealswith local eventandtime periodsandpro-

videstheability to reasonaboutchangein propertiescausedby aspecificeventand

alsotheability to reasonwith incompleteinformation.

Changesin conceptproperties(which correspondto changesin thevaluesassoci-

atedwith attributes)canbemodelledasprocesses[Sowa 2000]. Processescanbe

describedin termsof their startingandendingpointsandof thechangesthathap-

penin between.We candistinguishbetweencontinuousanddiscretechanges, the

former describingincrementalchangesthat take placecontinuously while the lat-

ter describechangesoccurringin discretestepscalledevents. Analogouslywe can
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definecontinuouspropertiesasthosechangingregularlyover time,suchastheage

of a person,versusdiscretepropertieswhich arecharacterisedby an eventwhich

causesthe propertyto change. If the valueassociatedwith changefrequency is

Regular thentheprocessis continuous,if it is Volatile theprocessis discrete

andif it is Once only theprocessis considereddiscreteandthetriggeringevent

is setequalto time-point=T.

Any regular occurrenceof time canbe, however, expressedin form of an event,

sincemostof theformsof reasoningfor continuouspropertiesrequirediscreteap-

proximations. Thereforein theknowledgemetamodelpresentedin Section4.5and

subsections,continuouspropertiesare modelledas discretepropertieswherethe

event triggering the changein propertyis the passingof time from the instant ~
to the instant ~ s . Eachchangeof propertyis representedby a set of quadruples

:9	9<G'° � ¦�° �>V ° ;>� � ° ;�M ± J ./�! " " 0��²�� where G¨° is anevent, ¦�° is thestateof thepair

attribute-valueassociatedwith a property, V ° definesthe event validity while
� °

indicateswhetherthe changein propertiestriggeredby the event Gn° is reversible

or not. The modelusedto accommodatethis representationof the changesadds

reversibility to EventCalculus, whereeachtriple 9<Gn° � ¦�° �>V ° ; is interpretedeither

as the conceptis in the state ¦y° before the event G'° happensor the conceptis in

the state ¦�° after the event G'° happensdependingon the value associatedwith
V ° . The interpretationis obtainedfrom thesemanticsof theeventcalculus,where

the former expressionis representedas Hold(before(G�° � ¦�° )) while the latter as

Hold(after(G%° � ¦�° )).
The idea of modelling the permitted changesfor a propertyis strictly relatedto

thephilosophicalnotion of identity. In particular, theknowledgemodeladdresses

theproblemof modelling identity whentime is involved,namelyidentity through

change, which is basedon the commonsensenotion that an individual may re-

main the samewhile showing differentpropertiesat different times[Kant 1965].

The knowledgemodelwe proposeexplicitly distinguishesthe propertiesthat can

changefrom thosewhichcannot,anddescribesthechangesin propertiesthatanin-
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dividualcanbesubjectedto, while still beingrecognisedasaninstanceof acertain

concept.

Eventsin this representationarealwayspoint events, andwe considerdurational

events(eventswhichhaveaduration)asbeingacollectionof pointeventsin which

thestateof thepair attribute-valueasdeterminedby thevalueof V ° , holdsaslong

astheeventlasts.Thedurationis determinedby thedefinitionof aneventin Event

Calculus, wherefor eacheventis givenaninitial anda final time point. We realise

that this representationoversimplifies thedynamicof processchangesandwe aim

to investigateamoresophisticatedchangerepresentationasfuturework.

Thenotionof changesthroughtimeis alsoimportantto establishwhetheraproperty

is rigid. A rigid propertyis definedin [Guarinoet al. 1994]as:

apropertythatis essentialto all its instances,i.e. (yxzw39`x ; B {nw39`x ; .

that is, if for every x the property w holds in x , then w is necessaryfor x . By

essentialpropertywe meana propertyholding for an individual in every possible

circumstancein which theindividualexists.Theinterpretationthatis usuallygiven

to rigidity is that if x is aninstanceof a concept� , then x hasto beaninstanceof

� in every possible world [Kripke 1980]. Herewe specificallyconcentrateon one

of thesesystemsof possibleworlds,thatis time.

In [TammaandBench-Capon 2001a,TammaandBench-Capon2001b]we have

relatedthenotion of rigidity to thoseof timeandmodality andin Section4.7.3we

show that,by usingtheinformationrepresentedin theslot :VALUE-MODALITY and

that concerningthe behaviour over time, we canpreciselyidentify rigidity in the

subsetof thesetof possible worlds.

MorerecentlyGuarinoandWeltyhavere-formulatedthedefinitionof rigidity which

now takesin explicit accounttherelationshipbetweentime andmodality. A rigid

property w is thusapropertysuchthat {S9}(yx �	~ w�9�x �	~�; B {a( ~ s�w39`x �	~ s ;�; .
That is, for every x andfor every instantof time ~ , if w holdsfor x in ~ , then w is

necessaryfor x in every instant~ s .
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By characterisingtherigidity of apropertyin thissubsetof possibleworldsweaim

to provide knowledgeengineerswith themeansto reacha betterunderstandingof

the necessaryandsufficient conditions for the classmembership.However, this

doesnot meanthat the rigidity of a propertydependson any accounton whether

the propertyis usedto determineclassmembershipor not. That is, the final aim

is to try to separatethe propertiesconstitutive of identity from thosethat permit

re-identification.

4.7.2 The needfor identity and rigidity: Roles

Establishing whetherrigidity holds for a propertyis not only central in order to

distinguishnecessarytruthbut alsoto recogniserolesfrom concepts.Thenotionof

role is ascentralto any modellingactivity asthoseof objectsandrelations.

A definitionof role thatmakesuseof the formal metapropertiesandincludesalso

the definition given by Sowa [Sowa 1984] is provided by GuarinoandWelty. In

[GuarinoandWelty 2000a]they definea roleas:

propertiesexpressingthe part playedby oneentity in an event, often
exemplifying a particular relationshipbetweentwo or more entities.
All rolesareanti-rigid anddependent... A propertyw is saidto beanti-
rigid if it is not essentialto all its instances,i.e. (yxzw39�x ; B ®n{nw�9�x ; ...
A property w is (externally) dependenton a property ³ if, for all its
instancesx , necessarilysomeinstanceof ³ mustexist, which is not a
part nor a constituentof x , i.e. (yx7{g9´w39`x ; B « ¢ ³I9 ¢ ;-¬ ®-µ�9 ¢ � x ;-¬
®P��9 ¢ � x ;	; .

In otherwordsaconceptis aroleif its individualsstandin relationto otherindividu-

als,andthey canenteror leavetheextentof theconceptwithoutlosingtheir identity.

Fromthisdefinitionit emergesthattheability of recognisingwhetherrigidity holds

for someproperty w is essentialin orderto distinguishwhetherw is a role.

In [Steimann2000]theauthorcomparesthedifferentcharacteristicsthathavebeen

associatedin the literaturewith roles. From this comparisonit emergesthat the
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notionof role is inherentlytemporal,indeedrolesareacquiredandrelinquishedin

dependenceeitherof time or of a specificevent. For example the objectperson

acquirestherole teenager if thepersonis between13 and18 yearsold, whereasa

personbecomesstudentwhenthey enrol for a degreecourse.Moreover, from the

list of featuresin [Steimann2000] it emergesthat many of the characteristicsof

rolesaretime or event related,suchas: an objectmayacquireandabandonroles

dynamically, may play different rolessimultaneously, or may play the samerole

severaltime,simultaneously, andthesequencein which rolesmaybeacquiredand

relinquishedcanbesubjectedto restrictions.

Rolesmaybe“naturally” determinedwhensocialcontext is takeninto account,and

thesocialcontext determinestheway in which a role is acquiredandrelinquished.

For example,theroleof Presiden t of the country is relinquisheddiffer-

ently dependingon thecontext providedby thecountry. So, for example, in Italy

therolemaybeacquiredandrelinquishedonly oncein thelifetime of anindividual,

whereasif thecountryis theUnitedSates,therolecanbeacquiredandrelinquished

twice, becausea presidentcanbe re-elected.Social conventionsmay alsodeter-

minethatoncea role is acquiredit cannotberelinquishedat all. For example,the

rolePriest in acatholiccontext is relinquishedonly with thedeathof theperson

playingtherole.

For the aforementionedreasonswaysof representingrolesmustbe supported by

somekind of explicit representationof time andevents. Theknowledge modelwe

havepresentedprovidessufficientsemanticsto modelthedynamicfeaturesof roles.

Indeedthemodelprovidesawayto explicitly representtimeintervalswhichcanbe

usedtousedtomodelrolesasfluents;moreover, thefacet:VALUE-CHANGE-EVENT

gives knowledgeengineersthe ability to modelevents,which describethe events

thatconstraintheacquisitionor therelinquishmentof a role.

The ability to distinguishrolesgivesalsoa deeperunderstandingof the possible

contexts in which a conceptcanbeused.Recognisinga role canbe equivalent to

defininga context, andthenotionof context is the basison which prototypesand
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exceptionsaredefined.

4.7.3 Modality: Weighing the validity of attrib ute properties

ThemetapropertyModality is usedto expresstheway in which a statementis true

or false. In this thesis,we denotewith the facet:VALUE-MODALITY of slot S at

frameF thedegreeof confidencethatwecanassociatewith findingacertainworld.

Thenotionof Modality is quitesimilar to theoneof rankingsasdefinedby Gold-

szdmidtandPearl[GoldszmidtandPearl1996,page60]:

Eachworld is rankedby a non-negative integer ¶ representingthede-
greeof surpriseassociatedwith findingsuchaworld.

Herewe usethe termmodality to denotethedegreeof surprisein finding a world

wherethe property µ holding for a concept � doesnot hold for oneof its sub-

concepts�is . The attribute metapropertiesmodelledby this facetis importantto

reasonwith statementsthathave differentdegreesof credibility. Indeedthereis a

differencein assertingfactssuchas“Mammalsgivebirth to liveyoung”and“Birds

fly”, the former is generallymorebelievable thanthe latter, for which many more

counterexamplescanbe found. The ability to distinguishfactswhosetruth holds

with differentdegreesof strengthis importantin orderto find which factsaretrue

in every possible world andthereforeconstitutenecessarytruth. The conceptof

necessarytruthbringsusbackto thediscussion aboutrigidity. Rigidity is oneof the

conceptsmetapropertieson which the OntoCleanmethodology builds [Welty and

Guarino2001]. OntoCleandoesnot provide any meansto assignsuchpropertyto

concepts,sinceit doesnot focuson conceptdescriptions. The metapropertiesfor

attributesthatarethebasefor theconceptualmetamodelproposedin this thesiscan

supportthe assesmentof rigidity. In the knowledgemetamodeldescribedabove,

the valueassociatedwith the :VALUE-MODALITY facettogetherwith the tempo-

ral information on the changespermittedfor the propertycandeterminewhether
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thepropertydescribedby theslot is a rigid property. In particular, we canexactly

determinerigidity in a subsetof all possible worlds. Indeed,sincean ontology

definesa vocabulary, we canrestrictourselvesto thesetof possible worldswhich

is definedasthesetof maximumdescriptionsobtainableusingthevocabulary de-

finedby theontology [Plantiga1989].Then,undertheassumption of restrictingthe

discourseto this setof possibleworlds, rigid propertiesarethosewhose:VALUE-

MODALITY facet is equalto All and that cannotchangein time, that is whose

:VALUE-CHANGE-FREQUENCY facetis setto Never .

Theability to evaluatethedegreeof confidencein a propertydescribinga concept

is alsorelatedto theproblemof reasoningwith ontologiesobtainedby merging. In

sucha case,asmentioned in Section4.3.2conflictingpropertiesmaybe inherited

if heterogeneousontologiesaremerged. In order to reasonwith theseconflictsit

is necessaryto make someassumptionson how likely it is that a certainproperty

holds;thefacet:VALUE-MODALITY modelsthis informationby modellinga qual-

itative evaluationof how subclassesinherit the property. This estimaterepresents

thecommon senseknowledgeexpressedby linguistic quantifierssuchasAll , Al-

most all , Few, etc. It is importantto noteat this point that,althoughwe have

implementedthe Modality metapropertyin the :VALUE-MODALITY facetwhose

valuesarewhich takesvaluein theset  All, Almostall, Most,Possible, A Few, Al-

mostnone, None� , thechoiceof sucha setis totally arbitrary, andit wasmeantto

besuch.Knowledgeengineersshouldbeableto associatewith this meta-property

eithera probability value,if they know the probability with which the propertyis

inheritedby subconcepts,or adegreeof belief (suchasa ¶ -value,asin [Goldszmidt

andPearl1996],which dependson an · whosevaluecanbechangedaccordingto

theknowledgeavailable,thuscausingthe ¶ functionto change),if theprobability

functionis notavailable.

In caseof conflict theproperty’s degreeof credibility canbeusedto rankthepos-

sible alternatives following an approachsimilar to the non-monotonic reasoning

approachdeveloped by [GoldszmidtandPearl1996]: in caseof moreconflicting
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propertiesholding for aconceptdescription,propertiesareorderedaccordingto the

degreeof credibility, thatis apropertyholdingfor all thesubclassesis consideredto

have a higherrankthanoneholdingfor few of theconceptsubclasses.This order-

ing of the conflictingpropertiesneedsto be validatedby theknowledgeengineer,

although,it reflectsthecommonsenseassumption that,whenno specificinforma-

tion is known, peopleassumethatthemostlikely propertyholdsfor aconcept.

4.7.4 Prototypes,exceptions,and concepts

In orderto geta full understanding of a conceptit is not sufficient to list thesetof

propertiesgenerallyrecognisedasdescribinga typical instanceof theconceptbut

we needto considerthe expectedexceptions. Herewe denoteby prototype those

valuesthatareprototypical for theconceptthat is beingdefined,while we denote

exceptionsthosethat differs from what is normally thoughtto be a featureof the

cognitive category andnot only what differs from the prototype. In this way, we

partially take thecognitive view of prototypesandgradedstructures,which is also

reflectedby theinformationmodelledin thefacet:VALUE-MODALITY. In thisview

all cognitive categoriesshow gradientsof membershipwhich describehow well a

particularsubclassfits people’s idea or imageof the category to which the sub-

classbelong[Rosch1975]. Prototypesare the subconceptswhich bestrepresent

a category, while exceptionsarethosewhich areconsideredexceptionalalthough

still belonging to thecategory. In otherwordsall thesufficient conditionsfor class

membershiphold for prototypes.For example,let usconsiderthebiological cate-

gory mammal: a monotreme(a mammal who doesnot give birth to live young)is

anexampleof anexceptionwith respectto thisattribute.Prototypesdependon the

context; thereis no universalprototypebut thereareseveralprototypesdepending

on thecontext, andsoaprototypefor thecategorymammalcouldbecat if thecon-

text takenis thatof animalsthatcanplaytheroleof petsbut it is lion if theassumed

context is animalsthatcanplay theroleof circusanimals. In theknowledgemodel
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presentedabove we explicitly describethecontext in naturallanguagein theDoc-

umentation facet,however, thecontext canbe alsodescribedby the rolesthat the

conceptwhich is beingdescribedis ableto play.

Ontologies typically presupposecontext andthis featureis a majorsourceof diffi-

culty whenmerging them.

Prototypesarealsoquite importantin that they provide a frameof referencelin-

guistic quantifierssuchastall, short, old, etc.Thesequantifiersareusuallydefined

or at leastrelatedto theprototypical instanceof theclasswhosemembersthey are

describing,andindeedtheir definitionchangesif we changethepointof reference.

For example,if wearedefiningtheconcepttall usingasframeof referencetheclass

:PERSON then tall meansover 2 metres,whereasif we definetall with respectto

theclass:BUILDING it meansover 300metres.And again,dependingof the level

of granularitychosenfor the descriptionthe linguistic quantifierscanhave more

specificmeanings. For example,if wesubdivide theclass:BUILDING into two sub-

classes,:COTTAGE and:SKYSCRAPER, thenanadjective suchastall relatedto the

prototypical instancesof thetwo classestakesthemeaningof over10metresin the

first caseandover300metresin thelattercase.

Thereforeincludingthenotions of prototypesandexceptions permitsusto provide

a frameof referencefor definingthesequalifierswith respectto a specificclass.

For the purposeof building ontologies,distinguishingthe prototypicalproperties

from thosedescribingexceptions increasestheexpressivepowerof thedescription.

Suchdistinctionsdo not aim at establishing default valuesbut ratherto guarantee

theability to reasonwith incompleteor conflictingconceptdescriptions.

The ability to distinguish betweenprototypes and exceptionshelpsto determine

which propertiesarenecessaryandsufficient conditions for conceptmembership.

In fact a propertywhich is prototypical and that is also inheritedby all the sub-

concepts(thatis it hasthefacet:VALUE-MODALITY setto All ) becomesanatural

candidatefor anecessarycondition. Prototypes,therefore,describethesubconcepts

that bestfit the cognitive category representedby the conceptin the specificcon-
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text givenby theontology. On theotherhand,by describingwhich propertiesare

exceptional,weprovideabetterdescriptionof theclassmembershipcriteriain that

it determineswhatarethepropertiesthat,although rarelyhold for thatconcept,are

still possiblepropertiesdescribingthecognitivecategory.

Also theinformationon prototypeandexceptionscanprove usefulin dealingwith

inconsistenciesarisingfrom ontology integration. Whenno specificinformation is

madeavailableon a conceptandit inheritsconflictingproperties,thenwe canas-

sumethattheprototypical propertieshold for it.

The inclusion of prototypesin the knowledgemodelprovidesthe groundsfor the

semi-automatic maintenanceand evolution of ontologies by applying techniques

developedin otherfieldssuchasmachinelearning.

4.8 Chapter summary

This chapterhaspresenteda knowledgemetamodel that extendsthe usualontol-

ogy frame-basedmodelsuchasOKBC by explicitly representingadditional infor-

mation on the slot properties. In order to representthe metapropertiesMutabil-

ity, Mutability Frequency, ReversibleMutability, EventMutability, Modality, Proto-

typicality, Exceptionality, InheritanceandDistinction we have addedto anOKBC

like knowledgemodela setof extra facetsmodellingthesemetaproperties,namely

thefacets:VALUE-LABEL, :VALUE-PROTOTYPES, :VALUE-EXCEPTIONS, :VALUE-

CHANGE-FREQUENCY , and :VALUE-CHANGE-EVENTS. We alsoaddedthe facet

:CLASS-TYPE to modelthedistinctionbetweenrolesandconcepts.

Thisknowledgemetamodelis drivenby theformalontologicalanalysisby Guarino

andWelty [GuarinoandWelty 2000b]whichpermitsontologiesthathaveacleaner

taxonomicstructureto be built andso givesbetterprospectsfor maintenanceand

integration. Sucha formal ontological analysisis usuallydifficult to performand

we believe our knowledgemodelcanhelp knowledge engineersto determinethe

metapropertiesholding for the conceptby forcing them to make the ontological
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commitmentsexplicit.

Theknowledgemetamodelweproposeresultsfrom aconceptualmetamodelwhich

encompassesattributemetapropertiesaimingto characterisethebehaviour of prop-

ertiesin theconceptdescription.Wehavemotivatedthisenrichedconceptualmodel

by identifying threemaincategoriesof problemsthat requireadditionalsemantics

in orderto besolved.

Theextentionof theconceptualmodelwith ametalevel constitutesthenovel contri-

butionof this thesis.Thisextensionexplicitly representsthebehaviour of attributes

over time by describingthe changesin a propertythatarepermittedfor members

of the concept. It alsoexplicitly representsthe classmembership mechanismby

associatingwith eachslot a qualitative quantifierrepresentinghow propertiesare

inheritedby subconcepts.Finally, the modeldescribesnot only the prototypical

propertiesholdingfor a conceptbut alsotheexceptionalones.
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Modelling a domain

5.1 The chosendomain

In this chapterwe provide an exampleof how the instantiation of the conceptual

modelwhich we proposein this thesis,andwhich is presentedin Chapter4, can

be usedto modela domainof interest.The purposeof this chapteris not only to

illustrateby meansof a practicalexamplehow the proposedmodelcanbe used;

we also intendto provide a proof of conceptfor the claimswe madein the pre-

vious chapterthat this enrichedknowledgemodelgivesa betterrepresentationof

the semanticsandpermitsto identify the metapropertiesassociatedwith concept

properties(seeSection4.7) moreeasily. The domainof interestwe have chosen

is a medicaloneandwe arefocusingour attentionon a particularconditioncalled

DisseminatedIntravascularCoagulation or DIC. We have chosenthis particular

domainfor two reasons:thefirst is mainlyconcernedwith modellingsomethingas

complex asa disease,while the secondis relatedto the specificdiseasewe have

decidedto model.

The literaturepresentsmany examplesof medicaltaxonomies, suchas SNOMED

[Rothwell 1995] UMLS [Lindberg et al. 1993],andGALEN [Zanastraet al. 1995].

Someof themlike SNOMED or UMLS arejust terminologyhierarchieswhereasoth-

ers,suchasGALEN haveamoredetailedconceptdefinition.Thosemedicalontolo-

gieswhich providea formal informationmodelhave to facetheinherentproblems

relatedwith the attemptto definea disease.Indeed,in the field it is still unclear
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how disordersshould be describedas the functioning of the humanbody andof

pathogenshave not beenwell understood. This lack of knowledgeis reflectedby

thefactthatdisordershavebeenmodelledaccordingto thewaysin which they can

bedefined,somedefinedat geneticlevel, othersat chemicallevel, someothersin

termsof their associationwith physical factorsandlastly assyndromesor collec-

tionsof observations.

Another real sourceof complexity is the qualitative natureof medicalexpertise,

whichis verydifficult to modelin aknowledgemodel.Indeed,practitionerstendto

reasonwith conceptssuchas low numberof platelets, wherethedefinitionof low

is not only dependenton the context but alsoon the conceptualisation usedby a

specificpractitioner.

WhenDIC is describedfrom a physiological viewpoint, it is necessaryto studya

complex interactionof thechemicalsubstancesinvolved in thecoagulationprocess.

In particular, someof thesesubstancescontributeto thecreationof plateletswhich

aremainly responsible for theformationof bloodclotsand,at thesametime other

chemicalsubstancesin the blood starta processof clot destruction,which even-

tually resultsin haemorrhage.It is becauseof thesecontradictorysymptoms that

a secondsourceof complexity arises: in fact DIC could becomemanifesttaking

the form of haemorrhage,or of blood clot or a combinationof the two. In other

wordsDIC is a disorderin which systemic activationof thecoagulationsystemsi-

multaneously leadsto intravascularthrombusformation(whichcompromisesblood

supplyto organs)andexhaustionof plateletsandcoagulationfactors(which results

in haemorrhage).Thus,on a first sight it seemsthatDIC is characterisedby con-

flicting symptoms. [Levi anddeJonge2000]

The diagnosisof DIC is madeeven moredifficult becauseDIC is not a so called

primarycondition: thatis, DIC is alwaystheconsequenceof someprimarydisease

whichneedsto betreatedin orderto treattheDIC symptoms.Following is a list of

clinical primarydisordersthatcanleadto DIC [Levi anddeJonge2000]:
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� Malignancy in solid tumors, suchasmyeloproliferative, lymphoproliferative.

DIC canfurthercomplicatebothsolid tumorsandhematologicmalignancies;

� Obstetriccomplicationssuchasamniotic fluid embolism, abruptio placentae.

Themostcommonobstetricemergency associatedwith activation of coagu-

lation is preeclampsia;

� Organdestructionsuchasseverepancreatitis;

� Sepsisandsevereinfectioncausedby any microorganism. In particular, DIC

is associatedwith septicemiabut it might alsobe causedby systemicinfec-

tionswith othermicroorganismssuchasvirusesandparasites;

� Severehepaticfailure;

� Severetoxic or immunologic reactions,for examplesnake bites,recreational

drugs,transfusionreactions,andtransplantsrejection;

� Trauma,suchaspolytrauma,neurotrauma,traumaresultingin fat embolism.

In particularheadtraumais associatedwith DIC;

� Vascularabnormalities, for example giant hemangiomas(Kasabach-Merrit

syndrome),largevascularaneurysms.

This alsoimpliesthatthis disordermanifestswith a numberof differentsymptoms

andthusseveralclinical testsareneededin orderto detectthedisease.Diagnosing

DIC is thereforequitedifficult, andit is evenmoredifficult to beableto detectthe

cluesthattheconditionis developingbeforeit is fully manifested.

Wedistinguishheretwo subtypesof DIC, acuteDIC andchronic or subacuteDIC.

They arebothdescribedby thesameattributes,that is they arebothrevealedfrom

thesameclinical tests,althoughthefindingsmight bedifferent.Thephysicalfind-

ings associatedwith DIC permit to distinguishbetweenthis subtypesof DIC and

they doaffect thefindingsof theclinical tests[Schmaier2001]:
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Figure5.1: Theprimaryconditionsassociatedwith acuteandsubacute(or chronic)
DIC

� Acute DIC : This is anacutehaemorrhagicdisorderwhich is associatedwith

excessplasmin formation.Patientswith acuteDIC havepetechiaeonthesoft

palateandlegsfrom persistentdecreasein thenumberof platelets(thrombo-

cytopenia) andecchymosis at venipuncturesites.Thesepatientsalsopresent

with ecchymosis in traumatisedareas;

� Chronic or subacuteDIC : It is anindolentchronicdisorderthatis notasso-

ciatedwith bleedingandpresentsasthrombosisasresultof excessthrombin

formation.It manifestswith symptomsandsignsof venousthrombosis.

The primary disordersassociatedwith acuteandsubacuteDIC areshown in Fig-

ure5.1.Theseareimportantbecausethey determinetheeventsthatcanmodify the

attributebehaviour over time in themodelling examplein theSection5.3.
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5.2 The modelof DIC

In order to modelthe conceptDIC we have partially reusedpart of the hierarchy

of conceptspresentin MeSH[Nelsonet al. Forthcoming]. MeSHis a taxonomy of

medicalterms,andsonoattributesweredefinedfor theconcepts.Wehavepartially

modifiedthehierarchicalstructureandhaveassociatedattributeswith theconcepts.

In particular, we have describedthe disordersfrom the viewpoint of the medical

testsnecessaryto diagnosethe disorder. The hierarchyof conceptsandthe prop-

ertiesusedto describeit is shown Figure5.2. The hierarchyshows the subclass

relationshipsholding betweentheconcepts.In thepicturethepropertiescharacter-

ising the conceptsaredescribedby associatinga valuewith an attribute which is

oneof the clinical teststhat canbe usedto diagnosehaematologic diseases.The

valuesassociatedwith theattributesarethosethatareusuallyfoundin individuals

who areaffectedby a kind of haemathologic disease,but othervaluesareadmissi-

bleaswell.

This portion of hierarchyis modelledin AppendixB usingthe knowledgemodel

presentedin thepreviouschapter. In themodelling examplein AppendixB thehi-

erarchyabove hasbeenenrichedby attachingto the propertiescharacterisingthe

conceptstheadditionalinformation concerningtheproperties’behaviour overtime,

their degreeof applicabilityto subconcepts,their prototypical andexceptionalval-

ues.

WeassumethattheconceptBlood-C oagulatio n-Disorde r is consideredto

inherit all theattributesfrom its ancestorHaemathologic-D isease . Decimal

measurementsaresupposedto bewith two decimalfigures.An eventthatcancause

the plateletaggregation time to changeis the external temperature,but sincewe

havenotassociatedaspecificvalueto theslot, thestatecomponentof the:VALUE-

CHANGE-EVENT is setequalto thesetof all thepossiblevaluesassociatedwith the

slot. Whenaneventhasaduration,suchasadisease,wealwaysusethestartof the

event.Thereforewhenwe write (inherited-proteinC-deficiency, [0, 59], after, I) we
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Figure5.2: Thehierarchyof conceptsdescribedin themodelling example
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meanthata condition suchas inherited protein C deficiencycausesa low level of

percentageof proteinC, andthishappensjustbeforethestartof thedeficiency.

5.3 Discussing the model

Theconceptsin thehierarchyshown abovearedescribedby a numberof attributes

which permitthecharacterisationof theconceptfrom a specificviewpoint. We are

assumingherethattheontology we aremodelling is theresultof theintegrationof

two differentontologies,oneconcerningthrombophiliaandtheotherhaemorrhagic

disorders, thatall theproblemsof syntacticheterogeneityhavebeenreconciledand

thatwe arein thephasewhereinconsistenciesdueto ontological heterogeneityare

detectedandresolved.

In this particularexample,the conditionsaredescribedfrom the viewpoint of the

symptoms which underliethemandareshown by a specificclinical test. It is im-

portantto notethat thevalueshereareusuallyindicatedasrangesbecausewe are

oversimplifying theproblem.Indeed,whenpractitionersdescribethesymptoms of

a conditionthey tendto usequalitative ratherthanquantitative measures.Herewe

have tried to translatequalitative measuresinto numericalvalues,andthesetrans-

lationsmight not reflect the viewpoint of a medicalexpert. So, for example, we

have translatedlow numberof plateletsasarangebetween0 and150,000,however

theboundariesof this rangearenot fixed. So, therepresentationof this rangeasa

closedinterval is justanoversimplification.

A conditionis revealedby acombinationof testswhichgiveapositiveresult.Con-

ceptsaredescribedin termsof medicaltests: for eachtestwe provide the proto-

typical valuesthat the testmight show in the context determinedby the condition

which is beingdescribed, theexceptionalvaluesthatcanbeassociatedwith thetest

(which in this casemight representthe testsresultstypical for an individual who

is not affectedby thecondition), andwe describethedegreeof applicabilityof the

attributeto thesubconcepts,andtheattribute behaviour over time.
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It is importantto notethat we assumeinheritancewith exceptionsto hold in this

structure,which is shown by inheritingboththeslots andthepairsslot-attributes.

Thus,we assumethatall slotsareinheriteddown thehierarchy, although,sincein-

heritancewith exceptionholds, a frame describinga subconceptmight override

the set of slots describingit, by adding or removing someslots. In the same

way, the valuesassociatedwith the facetsdescribingthe slot may be overridden

when inheritedby a more specific concepton the hierarchy. For example, the

facetHaematologic-Di sease is describedby the slot percent age-of-

protei n-c whoseprototypical value is a percentageof inhibition in the range

[60, 150] . Theseare the prototypical valuesfor an healthyindividual, because

the conceptHaematologic-Di sease is so high in the hierarchythat it is not

possible to associatea specificrangeof valueswith the slots describingit. The

percentageof proteinC is a volatile type of attribute in that it can changemore

thanonceduring the patienthistory andcan, for example,decreasenoticeablyif

the patientis affectedby inheritedproteinC deficiency. If we considerits direct

descendantHaemhorrhagic-Di sorder , this inheritsmostof theslotsfrom its

parentframe, but with exceptions. For example,the percentageof protein C in

this caseis known to be low, so its prototypicalvaluesare thosein the range[0,

59]. Exceptional valuesarethoseoutsidethis range.Theslot percent age-of-

protei n-c doesnot inherit thebehaviour of beingmodifiedby inheritedprotein

C deficiency, becausethiseventis a typeof haemhorragicdisorder.

It is also important to notethat all slotsdescribingthe frameHaematologic-

Diseas e are characterisedby associatingthe value possibl e with the facet

:VALUE-MODALITY. This is becausethe conceptdescribedat the frame is quite

highin thehierarchyof thedisorders.Goingdown thehierarchythefiller associated

with this facetchanges,showing that refining theconceptdescriptionwe discover

propertiesthatarenecessaryfor classmembership. Indeed,if weconsiderbothsub-

conceptsof Haematologic Diseas e, that is, Haemorrhagic-D isorder

andThrombophilia , the slotsassociatedwith theseconceptsaredescribedby
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the filler most associatedwith the facet:value -modality . This is because

it is likely (but not certain)thata specifictypeof eitherhaemorrhagic disorder or

thrombophilia is characterisedby thesamevaluesof clinical testswhichareassoci-

atedwith theparentconcept,althoughexceptionsarepossible. Differentdisorders

are distinguishedon the basisof the different combinations of slots they inherit

from theparentconcept,thatis, they might berevealedby differentcombination of

clinical tests.

Someof thevaluesassociatedwith aslotarethefindingsof clinical testswhichare

trueonly for mostof thepatientsaffectedby thecondition. This is thecasefor the

valuesof PT andAPTTwhosevaluesareprolongedfor 50%to 70%of thepatients

affectedby acuteDIC. This is reflectedin themodelby associatingthefiller most

with thefacet:VALUE-MODALITY , to indicatethatmostof theinstancesof thecon-

ceptwill take theprototypical value.

When we considerthe conceptDissemi nated Intrava scular Coagu-

lation thedegreeof applicability of propertyto subconceptsis mainlydescribed

by associatingthefiller most to thefiller :VALUE-MODALITY, becausethecombi-

nationof clinical testsdescribingthe conceptDissemi nated Intrava scu-

lar Coagulation is highly likely to be inheritedby the subconceptACUTE-

DIC andSUBACUTE-DIC, with somerestrictionson thevalue.This is truefor all

slotsbut two, NUMBER-OF-PLATELETS, whosevalueis in the range[0, 150,000]

in all casesof acuteDIC, andPERCENTAGE-OF-PROTEIN-C, whosevalueremains

low bothfor Acute-DIC andSubacu te-DIC . In bothconcepts,thepropertyof

having a low plateletnumberis rigid, becausetheir modality is setto All andthe

plateletcountcannotchangeover time in thesetwo concepts.

It is worth noting that in this examplethereare no necessaryconditions and no

distinguishingattributes. The reasonfor this is thatDIC is an extremelycomplex

conditionto modelandthereis no ultimate test that canclearly indicatewhether

the patientis affectedby the conditionor not. This is reflectedin the modelby

labellingmostof thepropertiesaspossible,or, in somecasesasinheritedby most

Page142



Chapter5 Modellingadomain

of thesubclasses.

Finally, the conceptDIC inheritsfrom both its parents(that is thrombophilia and

haemorrhagicdisorder). Multiple inheritanceis dealt with by assuming that the

child conceptsinheritsfrom the framesdescribingtheparents,theslot valuesthat

aremorespecific. Of course,herewe areassumingthat the parentsaredisjoint.

This is the casewith thrombophilia andhaemorrhagicdisorder: thesemusthave

disjoint slot values,andsoDIC inheritsfrom theparentwith themostspecificde-

scription. Therole of eventsis quiteimportantbecauseit shows how theattributes

canchangeandtheeffectsthatthesechangescanhaveon theconceptsuchasDIC.

In the modellingexampleabove we have alsotried to associateswith volatile at-

tributesthoseevents that can causethe attribute to changevalue in the specific

context of diagnosingDIC. In particular, we have simplified the events by group-

ing themin categoriessuchasobstetric complications or trauma, insteadof listing

eachof themsingularly. Theseevents arenot alwaysinheriteddown thehierarchy,

but only whenthey arerelevant. Eventsareparticularlyvaluablein describingthis

condition becauseDIC is a secondarycondition,thatappearsonly dependingon a

primarycondition. Therefore,by giving anexplicit list of theeventsthatcancause

thecharacterisingproperties(modelled in theslots) to changewe arealsoprovid-

ing a way to list explicitly the primaryconditionsthatcanbe aggravatedby DIC.

Thiscanbeseenwith thevaluesassociatedwith theslot fibrin ogen . In fact,in

DIC usuallythelevel of fibrinogen is decreased,but this is anacutephasereactant

andso its valuesmay be initially elevatedsecondaryto theprimary disease.This

is modeledby associatingwith theprototypical valuefacetof theslot fibrin o-

gen the normalvalues(that is thosebetween200 and400) andby stating that a

high level of fibrinogenis registeredafter thebeginning of oneof theeventslisted

in the :value-c hange-eve nts filler. By listing theeventswe candistinguish

theconceptsof acuteandsubacuteDIC alsobasedon thefactthatthepropertiesof

theformercanchangebecauseof traumaandburns,whereasthis is not truefor the

latter.
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Associatingthe eventswith the attributesprovidesa bettercharacterisationof the

properties,andnot only of their behaviour over time. Indeed,by associating some

eventswith thepairsslot-framewe areactuallyproviding a morethoroughdefini-

tion of theconceptdescribedin theframe.Thiscanbeseenin thetwo framesAcute

DIC andSubacuteDIC. Although theseconditions aredescribedby thesameslots,

theslotscantakedifferentvalues(for examplethenumberof plateletsmaybenor-

mal for subacuteDIC while is alwaysdecreasedfor acuteDIC) andtheirbehaviour

over time is modifiedby differentevents,which shows the fact that trauma is an

importantevent in AcuteDIC in thatcancausea changein thevaluesof theslots

associatedwith this frame,whereasthiseventis lessimportantwhendescribingthe

SubacuteDIC.

5.4 Chapter summary

In thischapterwehaveprovidedanexample in whichwehavemodelledacomplex

domainsuchasthe oneof DisseminatedIntravascularCoagulation.The concep-

tual model that is the objectof this thesishasproven to be particularlyvaluable

to modelthe interactionof differentfactorsthatcontribute to thedefinitionof this

disease,suchastheprimaryconditionsonwhichDIC depends.Therichnessof the

modelpermitsusto haveamorecompletesnapshotof thesemanticsof theconcept

while it is defined,andshowsclearlywhichpropertiesaretransmitteddown thehi-

erarchy, whethertheinheritanceis strictor with exceptions,whataretheproperties

thatarepermittedto changeover time andwhy thatchange.

Oneof themaindrawbacksthatwe have noticedin preparingthis exampleis that

in order to usethe conceptualmodel it is necessaryto have a deepandthorough

knowledgeof thedomainthat is beingmodelled,including alsotheinteractionbe-

tweeneventsandattributes. This in turnsrequiresa richer top-level ontology that

includesconceptssuchasprocessesandarich temporalontology. Theseareneeded

if wewantto giveamorepreciserepresentationof theevents.
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Conclusion

6.1 Thesis summary

The research presentedin this thesishasfocusedon an enrichedontology meta-

model to supportan alternative approachto knowledge sharing. Two research

threadshave beenfollowed in this thesis,a primary and a secondaryone. The

primary researchthreadhasconcentratedon an enrichedontology model which

providesa precisecharacterisationof the attributesusedto defineconceptsin the

ontology. This characterisationis basedon a multidisciplinary theoreticalback-

groundwhich includesthe formal tools of ontologicalanalysis(namely identity,

rigidity, unity anddependence), on thecognitive notionsof prototypesandexcep-

tions,thenotionof modality, andonthenotionof inheritedanddistinguishingcon-

ceptproperties.Thisontologyconceptualmetamodelhasbeendevelopedto support

theassessmentof semantic similarity in thestructureof multiple ontologieswhich

is theobjectof thesecondaryresearch thread.

We have analysedtheapproachesto knowledgesharing,andwe have reachedthe

conclusionthat current approaches(one to one and single sharedontology ap-

proaches,asreviewedin Section3.6) presentweaknesses,especiallywhenknowl-

edgesharinghasto beachievedin anopenenvironment, which wasoneof theini-

tial requirementsof this thesis.Thishasledusto thedeviseanalternativeapproach

basedonlocatingthesharedknowledgein astructureof multiple sharedontologies,

which arehierarchicallyorganisedandcanrepresentknowledgeat differentlevels
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of abstraction.Knowledge sourcesdo not have to commit to a singleoverarching

sharedontology, but a groupof knowledgesources(or agents)which sharea spe-

cific understandingof thedomaincommitsto thesharedontologyexpressing aview

which is closerto thewayknowledge sourcesconceptualisethedomain.

In pursuingthesetwo researchthreadswe have first reviewedthetheoreticalfoun-

dationof ontologies,in Chapter2.

In this chapterwe have presentedthephilosophicaldiscipline of ontology andthe

AI disciplineof ontologies, relatingthesecondto thefirst,wehavegivenanaccount

of thedifferentconnotationsthatontologiestake in AI andof thedifferenttypesof

ontologies.Wehavealsoreviewedthecontribution thatphilosophyhasgiven to the

ontologicalfield, particularlyconcentratingon thenotionof formalontology.

The motivation for devising a novel approachto knowledgesharingemerged by

the analysisof thecurrentapproaches.The resultof suchanalysisis presentedin

Chapter3, wherewe presentedanoverview on theproblemof knowledgesharing

andreuse,particularlyfocussingthe attentionon the possible approachesthatuse

ontologiesto solvethisproblem.In thischapterwehavealsoanalysedtheproblems

causedby differenttypesof heterogeneitythatcanhamperthesharingandreuseof

knowledge.

After presentingherethedifferentapproachesto knowledgesharingwe introduced

thenovel approachbasedonmultiple sharedontologies,andwe discussedsomeof

theissuesarisingfrom thisapproach.

Theability to build this structureof sharedontologiessemi-automatically is based

on the ability to grouptogether“similar concepts”,which in turn dependson the

ability to assesssemanticsimilarity amongthe conceptsin the different ontolo-

gies. Currentsimilarity measuresareusuallybinary, that is, they typically return
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a Booleanvaluewhich indicateswhetherthe two assessedconceptsaresimilar or

not. Furthermore,thesesimilarity measuresdo not usually take into accountthe

concept’s definition in termsof attributes,but only somelexical similarity among

concepts’names.For thesereasonsthey arenotsuitableto beusedin theprocessof

buildingontologyclusters.A morerecentapproachto assesssemanticsimilarity for

building sharedontologies[RodŕiguezandEgenhofer2002]is basedon Tverskian

similarity functions[Tversky 1977],which dependson the notionof featuresand

distinguishingfeatures. Suchan approach,however, needsan extendedthe con-

cept’s definitionin orderto accommodatefeatures(usuallymodelledby attributes)

andsomeextrasemanticsthatprovidestheability to distinguishbetweenfeatures.

In thisthesiswehavedecidedto takeanapproachanalogousto theonein [Rodŕiguez

andEgenhofer2002], andthuswe have developedan ontology conceptualmeta-

model,which encompassesa metalevel modelling the behaviour of conceptprop-

ertiesin theconceptdefinitionandover time into attributemetaproperties(namely,

Mutability, Mutability Frequency, Reversible Mutability, EventMutability, Modal-

ity, Prototypicality, Exceptionality, Inheritance, Distinction). Thisconceptualmeta-

modelhasbecometheprimaryresearchthreadof this thesis,andit hasbeenimple-

mentedin a knowledgemetamodelthat extendsthe usualontology frame-based

models,suchasOKBC, by explicitly representingadditionalon theslotproperties.

The setof attribute metapropertieswe definein this thesismay help to dealwith

ontology heterogeneityproblemsin two ways. On the onehandthe modelcom-

plementsthe setof formal ontological propertiesproposedin [Welty andGuarino

2001],namelyIdentity, Unity, Rigidity, andDependence. Our setof metamproper-

tiescanassistin assigning to conceptstheconceptmetapropertiesdefinedby Guar-

inoandWelty. Thismightresultparticularlyusefulwhenknowledgeengineersneed

to assignformalpropertiesto ontologiesthatthey havenotdesigned.

On theotherhand,theextra semanticsfor conceptdescriptionswhich is provided
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by theconceptualmetamodelcanbeusedto distinguishamongfeaturesandto im-

plementsomekind of Tverskiansimilarity function,although theactualimplemen-

tationof thefunctionis outof thescopeof this thesis.Furthermore,thisconceptual

metamodelfor ontologiesfacilitatesabetterunderstandingof thesemanticsof con-

cepts. Currentlyontology merging is performedby handbasedon the expertise

of knowledgeengineersandon theontologydocumentation. Evenin this casethe

ontologymetamodelwe proposecanprove usefulby providing a characterisation

of the properties,which canhelp to identify semanticallyrelatedtermsor to dis-

ambiguateamongconceptsthatonly “seemsimilar”, on the assumptions that two

conceptsaresimilar if they presenta similar conceptdescription(that is, if they

aredescribedby similar attributes)andtheseattributesshow the samepatternof

behaviour in theconceptdefinitionandover time.

The novelty of this extendedknowledgemetamodelis that it explicitly represents

the behaviour of attributesover time by describingthe changesin a propertythat

are permitted for membersof the concept. It alsoexplicitly representsthe class

membershipmechanismby associatingwith eachslot a qualitative quantifierrep-

resentinghow propertiesareinheritedby subconcepts.Finally, themodeldoesnot

only describetheprototypical propertiesholdingfor a conceptbut alsotheexcep-

tionalones.No previouswork onontology hasaddressedtheproblemof providing

a precisecharacterisationof attributeproperties.

Theontologymodelpresentedin Chapter4 hasbeenusedto havemodelledacom-

plex domainin medicine,that is DisseminatedIntravascularCoagulation(DIC).

Theconceptualmodelthat is theobjectof this thesishasprovento beparticularly

valuablein modellingtheinteractionof differentfactorsthatcontribute to thedef-

inition of this disease,suchastheprimaryconditionson which DIC depends.The

richnessof themodelpermitsto haveamorecompletedescriptionof thesemantics

of theconceptwhile it is defined,andshows clearlywhich propertiesaretransmit-
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ted down the hierarchy, whetherthe inheritanceis strict or with exceptions,what

arethepropertiesthatarepermittedto changeover timeandwhy.

Oneof the main criticismsto the useapproachthat we have noticedin preparing

this example is that in orderto usethe conceptualmodelit is necessaryto have a

deepandthoroughknowledgeof the domainthat is beingmodelled,deeperthan

theknowledgeusuallymodelledin ontologies.Wedonotperceive thisasa serious

drawback,in factbuilding ontologiesis a very demandingtaskwhich is not going

to beaffectedin amajorwayby theextensionswehavesuggestedin this thesis.

Knowledgeconcerninga domainincludesalsothe interactionbetweenevents and

attributes. This in turnsrequiresricher top-level ontologies that includeconcepts

suchasprocessesanda rich temporalontology. Theseareneededif we want to

giveamorepreciserepresentationof theevents.

6.2 Results

We believe this thesisgivestwo contributionsto thefield of ontologiesandknowl-

edgesharing.The first is, certainlythe enrichedontology conceptualmetamodel.

Up to this momentontology modelshave concentratedtheir attentionon concepts

andon their interrelationships in the ontology. Propertiesof the conceptsarede-

scribedby associatingspecificvalueswith theattributesdefiningtheconcept.The

maincontribution of this thesisis that it providesa precisecharacterisationof the

attributesin termsof their behaviour over time,their degreeof applicability to sub-

concepts,their beingprototypical or exceptional,inheritedor distinguishing. This

characterisationis modelledin a setof metaproperties(Mutability, Mutability Fre-

quency, Reversible Mutability, EventMutability, Modality, Prototypicality, Excep-

tionality, Inheritance, Distinction) that constituesthe metalevel on the traditional

conceptualmodel.

We have arguedthat sucha precisecharacterisationmight help to disambiguate

amongconceptsthat only seemsimilar, andin turn cansupportmappingsacross
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the structureof multiple sharedontologies that we have devisedasalternative to

thecurrentapproachesto knowledgesharing.Weclaimthatthischaracterisationof

the concept’s propertiesis alsovery importantin order to provide a precisespec-

ification of thesemanticsof theconcepts.Suchcharacterisationis essentialif we

want to performa formal ontologicalanalysis,in which knowledgeengineerscan

preciselydeterminewhich formal tools they canusein orderto build anontology

whichhasa taxonomy thatis cleanandnotvery tangled.

The novelty of this characterisationis that it explicitly representsthe behaviour

of attributesover time by describingthe permittedchangesin a propertythat de-

scribea concept.It alsoexplicitly representstheclassmembershipmechanismby

associatingwith eachattribute(representedin a slot) a qualitative quantifierrepre-

sentinghow propertiesare inheritedby subconcepts.Finally, the modeldoesnot

only describetheprototypical propertiesholdingfor a conceptbut alsotheexcep-

tional ones. By providing this explicit characterisation,we areaskingknowledge

engineersto makemorehiddenassumptionsexplicit, thusproviding abetterunder-

standingnot only of thedomainin general,but alsoof therole a conceptplaysin

describinga specificdomain.

Thesecondresultwehaveachievedin this thesisis thestructureof multipleshared

ontologiesfor knowledgesharing.Althoughthis hasnot beena primarydirection

of researchduringthis thesis,we believe thatsucha structurehasadvantagesover

the othersespeciallyif consideredin the context of an openenvironmentsuchas

the Internet.We believe that this kind of modularisation is thekey to applications

whereintelligent agents(whoseknowledgeis representedby ontologies) interop-

eratedynamically, by agreeingon the vocabulary (andsharedknowledge)which

is closerto the conceptualisationsof only thoseagentswhich are involvedin the

interoparation andnot of all agentsthat canbe potentially involved. We realise

thatwe have not investigated in sufficient detail the issuesrelatedto building such

a structurein an efficient andcosteffective manner, andthe relationshipsexisting

within andbetweentheontologiescomposingthestructure(both topicsarefuture
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researchdirectionsthat we will consider, seenext section);but we think that we

have laid thebasisfor futureresearch.

6.3 Future research

Thereareseveral issuesthat stemfrom the researchpresentedin this thesis. As

mentioned in theprevioussectiononeof the issuesto investigatefurtherconcerns

the relationships betweenandwithin ontologies, which needto be clarified with

respectto previouswork presentedin theliterature.Two candidatesetsof relations

havebeenidentified,theseareBorst’sontologyprojections: includeandextend,in-

cludeandspecialise,includeandmap[Borst 1997];andVisserandCui’s ontology

relations: subset/superset,extension, restriction,mapping[VisserandCui 1998].

Anotherissueemerging from this researchis how knowledge sources(or agents),

reachconsensusonwhichclusterin thestructureof multiplesharedontologiesthey

have to join in order to achieve interoperation.This kind of consensusshouldbe

basedon suitable similarity measure,that takesinto accountthe semanticsof the

conceptsinvolved, and the semanticsof their properties.Thereareno similarity

functionsof this type, that we areawareof, andit would be interestingto inves-

tigate complex similarity measures,suchas thosefor symbolic objects[Esposito

et al. 2000].We areparticularlyinterestedin investigatingsimilarity functionsthat

make useof the extra semanticsprovidedby theconceptualmetamodel,in a way

analogousto thesimilarity measurepresentedin [RodŕiguezandEgenhofer2002].

Thesekind of similarity functionsusuallyprovidea measureof thedegreeof simi-

larity amongdifferentconcepts,andnotjustabinarymeasurethatindicateswhether

two conceptsaresimilar or not.

Similarity measuresarealsoimportantto determinethe way in which knowledge

Page151



Conclusion Chapter6

sources(or agents)aregroupedtogetherto form a cluster. We areexploring the

machinelearningdirection,which seemsthemorepromising one,but morehasto

bedone.Oneof theobstaclesis thelackof efficient clusteringtechniques,andalso

thetechniquescurrentlyavailablehave to beadaptedin orderto includethenotion

of semanticproximity.

Anotherchallengeis theideathananontologycouldactually‘learn’ anew concept

whenit encountersit. We have assumedthroughout this thesisthatontologiesare

static,andthatany inclusionof new conceptshasto bedonemanuallyandoff-line.

But this assumption is not realistic if ontologies have to be usedin applications

suche-commerce,wherea dynamicresponseto thechangesof theenvironmentis

needed.Therefore,learningtechniquesareneededto incorporatea new conceptin

anontologywhenthisconceptis recognisedto berelevant.

Fromtheviewpoint of theontology conceptualmetamodel,futurework includesa

moreformalcharacterisationof theattribute’sbehaviour over time,andparticularly

a formal characterisationof thedynamicof processchanges.We aimto investigate

a moresophisticatedandformal representationof changes,which permit to apply

someform of temporalreasoningto reasonaboutthe eventsthat canmodify the

valuesassociatedwith anattribute.

Thereasoningmechanismsthataresupportedby theadditionalsemanticsincluded

in the ontologymetamodelshouldbe exploredaswell, to understandthe kind of

inferencessupported by this model. In orderto supportcomplex reasoninginfer-

ences,we will considerthe implementation of themetamodelin somedescription

logic basedlanguage,which shouldprovide the capabilitiesto performthe infer-

ences.

This model is alsoquite demandingto use,future work shouldconcentratealso
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on identifying thekindsof applications thatcanbenefitfrom theexpressive power

providedby thismodel.

In orderto testtheeffectivenessof theconceptualmetamodel,we areplanningto

includethe metapropertiesin tools to build ontologies suchasWebOde[Arp írez

et al. 2001]or Prot́eǵe [FridmanNoy etal. 2000].
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Knowledgesharing in Inf oSleuth,KRAFT ,
and OBSERVER

Therearemany projectsthatcanbediscussedto illustratetheframework, herewe

focuson threeof them:InfoSleuth,KRAFT, andOBSERVER.

A.1 InfoSleuth

InfoSleuth[Perry et al. 1999]. is a systemfor the integration of heterogeneous

sourcesdevelopedby MCC (MicroelectronicsandComputerTechnologyCorpora-

tion, Austin,Texas,USA). Thepurposeof theInfoSleuthprojectis to retrieve and

processinformation in anetwork of heterogeneousinformationsources(alsocalled

resources).In InfoSleuth,the heterogeneityconcernsthreeissues:the paradigms

usedto representtheknowledge(alsoreferredto asschemaheterogeneity);thelan-

guagesusedto representthe knowledgeandthe conceptualisation underlyingthe

schema.The differentsourcesare integratedin a dynamicway andthis is made

possible by usinga network of co-operatingagentsthat form theInfoSleutharchi-

tecture.The InfoSleutharchitectureincludesbothcoreandapplicationdependent

components. A coreapplicationprovidesfundamentalservices,they are:

� UserAgent: This agentallows the userto accessthe InfoSleuthsystem. It

obtainsinformation about the ontologies known to the systemand it uses

themto promptits userin selectinganontologythatwill beusedto formulate
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queries. Eachof theseis sentto the mostappropriatetaskexecution agent

(feebelow) thatwill sendtheobtainedresultsto theuseragent.

� ResourceAgent: This agentallows the InfoSleutharchitectureto accessthe

informationsourcesandexecutestherequestsconcerningaspecificresource.

Theresourceagentanswersqueriestranslatingthemfrom thecommonquery

languagesinto a languageunderstoodby theresources.This translationcom-

prisesboththemappingof thesharedontologyinto databaseschema,andthe

mappingof thequerylanguageinto thenative language.

� OntologyAgent:Thisagentis aspecialisedResourceAgentwhosemaintask

is to answerquestionsaboutontologies. It answersqueriesabouttheontolo-

giesavailable,suchasthesourceof anontology andsearchestheontologies

for concepts.

� Broker Agent: This agentaimsat finding the resourcesrequiredto solve a

userquery. All InfoSleuthagentsadvertisetheir capabilitiesto the broker

agentthatsemanticallymatchesagentslooking for a particularservicewith

agentsproviding that particularservice(information brokering technique).

At least,anagenthasto advertiseits name,its locationandits language,but

it canalsoadvertisemeta-informationanddomainconstraints.The adver-

tisementis expressedin termsof oneor moreontologiesthusenablingthe

dynamicmatching.

� TaskExecutionAgent:Thisagentroutesrequeststo theappropriateResource

Agents.It decomposesuserqueriesinto sub-queriesandreassemblesthean-

swers,thusco-ordinatingtheexecutionsof high-level informationgathering

sub-tasks.Thestrategy followedis basedontaskplanwith proceduralattach-

ments.

The applicationdependentcomponentsof the InfoSleutharchitecturecontribute

only to someapplications.They are:
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� DataAnalysisAgent:Thisagentperformsdataanalysis/miningoperations.

� Monitor Agent: This agentstoresrecordsof theagentinteractionsandof the

taskexecutionsteps.The co-operationbetweenmultiple agentsis obtained

by usingtheinformation brokeragetechniquethatroutesall therequestsonly

on to the relevant resources.Informationbrokerageandontologiesaretwo

aspectsof the InfoSleuthapproachstrictly intertwined. Agent communica-

tionstake advantageof theuseof ontologiesasthey areusedto theagentin-

frastructure(this is doneby specifyingthe informationandtherelationships

betweenthevariousagents).This (facilitates)aidstheroutingof therequests

to aspecificagent.InfoSleuthallowsdifferentformatsandrepresentationsof

ontologiesby theuseof anontology meta-modelthatprovidesaunifiedview

on the way ontologiesarespecified. In this way agentsmight reasonabout

ontologiesusingdifferentlanguagesdependingonthetypeof inferenceto be

made.

A.2 KRAFT

KRAFT (KnowledgeReuseandFusion/ Transformation) [Preeceet al. 2001] is a

multi-site researchprojectconductedat the universities of Aberdeen,Cardiff and

Liverpool in collaborationwith BT (British TelecommunicationsPLC) in theUK.

The overall aim of this project is to enablethe sharingand reuseof constraints

embeddedin heterogeneousdatabasesandknowledge systems.In theKRAFT ap-

proachto theintegrationproblemtherearethreetypesof heterogeneity:ontological

assumptions(conceptualisationsandorganisationsof thedata),paradigmandlan-

guage.KRAFT recognisesa small numberof sharedontologies.Moreover each

resourcehasits own localontology, andprovidesatranslationto at leastoneshared

ontology; in this way local ontologiesallow thecommunicationbetweenheteroge-

neousresourcesthat canmaintaintheir intrinsic heterogeneity. The KRAFT net-

Page157



Knowledgesharingin InfoSleuth,KRAFT, andOBSERVER AppendixA

work hasthefollowing components:

� UserAgent: is theinterfacebetweenusersandservicesprovidedby KRAFT

domain;

� Resource:is the knowledge sourceto integrate. It providesservicesto the

KRAFT domain. Examplesof KRAFT resourcesaredatabases,knowledge

basesandconstraintsolvers.

� Wrapper: is the interfacebetweenthe domainandthe useragentor the re-

sources.Wrappersprovide communicationservices,bothat high andat low

level. At high level they supportthemechanismslinking theresourcesto me-

diatorsandfacilitators(seebelow). At low level they provide a translation

servicebetweentheinternaldataformatsof usersagentandresourcesandthe

internaldataformatsupportedby theKRAFT domain.They co-operatewith

theontology agent(seebelow) to performtranslations.

� Mediator: is the componentthat retrieves informationabouta domain. In

achieving this purposeit usesdomainknowledgeto transformdata. It per-

forms operationson queriesto implementa certain task and can process

queriesby decomposing,combining themandtransforming their content.

� OntologyAgent: is thecomponentthattranslatesknowledgeexpressedagainst

a sourceontologyinto theknowledgeexpressedagainsta targetontology. If

amediatoror awrapperrequiresanontologytranslationit passestheexpres-

sionandreferencesto bothsourceandtargetontologiesto theontologyagent

whowill translateandreturntheexpression.

� Facilitator: is theKRAFT componentperformingtheinternalroutingservices

for messageswithin theKRAFT domain. Its mainfunctionsareto maintain

recordsof thelocationandof thecapabilitiesof theresources,andto accept

androutemessagesfrom otherKRAFT resources.
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A.3 OBSERVER

OBSERVER (OntologyBasedSystemEnhancedwith Relationshipsfor Vocabulary

hEterogeneityResolution)[Menaet al. 2000] is a projectwhich wasconductedat

the University of Zaragoza,Spain. The aim of the OBSERVER project is to re-

trieve andprocessinformationstoredin heterogeneousknowledgesources(called

repositories).The heterogeneityin this projectconcernsparadigmsandontologi-

cal assumptions. To overcomethedifferencesin the formatsandin the languages

OBSERVER relatesrepositories to domainontologies; thesearepre-existing on-

tologiesdefininga setof termsin a specificdomain.TheOBSERVER architecture

comprisesfour maincomponents:

� Query processor:This componenthasas input a userquery expressedin

a chosenuserontology. The queryprocessoraccessesthe datarepositories

to answerthe query. If the useris not satisfiedwith the answer, the query

processortranslates(partially or totally) thequeryinto anotheruser-selected

ontology usingpredefinedinter-ontology relationships. Thequeryprocessor

generatesa list of translationplans,whereeachplanhasanassociatedlossof

information.

� Ontology server: Thiscomponentprovidestheuserprocessorwith mappings

that link eachterm in anontologywith structuresin datarepositoriesandit

translatesqueriesfor theretrieval of datafrom therepositories.In theaccess

theontology server is assistedby thewrapper(seebelow) of thecorrespond-

ing datarepository.

� InterontologyRelationshipsManager(IRM): Thiscomponentdealswith inter-

ontology relationships that relatetermsin differentontologies. OBSERVER

considersthreekindsof possible relationships: synonym, hypernym andhy-

ponym.
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� Wrapper: This componenthas knowledge of the data organisation in the

repositories. The wrapperactually accessesthe data repositoryusing the

mappedinformationprovidedby theontology server.

The processingis performedaccordingto the following steps:First userschoose

onedomainontology whosetermwill beusedto build thequery. Oncethequery

is formulated,the ontologyserver verifiesits syntax,thenit performsontological

transformationsof thequery, anddecomposesit. After thedecomposition, theon-

tology server usesrelevant mappings rules to relatetermsin the ontology to the

datastructurein theunderlyingrepositories. In accessingtherepositoryto retrieve

a querieddata,theontology server is assistedby thewrapper. Oncethedatais re-

trieved,theontology server returnstheuserwith theanswersobtained.If theuser

is not satisfiedwith the answer, the queryprocessorreformulatesthe queryusing

anotheruserchosenontology.
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The knowledgemodelapplied to the concept
of DIC

B.1 Intr oduction

In thisAppendixwehavemodelledtheportionof hierarchyin Figure5.2according

to theknowledgemodelgivenin Section4.5. It is worthpointing outthattheaimof

this exampleis not to provideanexerciseof modelling, but a proof of conceptsfor

theconceptualmodelthatis theobjectof thisthesis.In orderto doso,wehaveover

simplified thedomainandsomeof theinformationbelow might not becompletely

accuratefrom themedicalviewpoint.

In definingtheconceptswe follow someconventions: all wordsusedto namecon-

ceptsand slots are separatedby dashes,classnamesare capitalisedwhereaswe

uselow-caselettersfor slot andfacetnames.Otherassumptions weremadewhile

modelling,for example,wehavedeterminedtheupperboundof thoseslotswith nu-

mericvaluesasbeing20 timestheupperboundof theso-callednormalvalues.So,

for example,thenormalplateletaggregationtimeis between3 and5 minutes,sowe

have consideredthe facet:NUMERIC-MAXIMUM describingtheslot platele t-

aggreg ation-tim e to be 100. The numericminimum is usually0, because

negative valuesareimpossible for thoseteststhat measurethe time of somephe-

nomenonor the quantityof somesubstance. In somecasesthe fillers associated

with thefacetswereeitherinfinite or somefinite set.In thesecasesthevalueswere

denotedusinga matematicalnotation(eithera setnotationor an interval notation
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whenpossible).

We haveprovidedaprecisecharacterisationof attributes,includingtheir behaviour

overtime,for theconceptsDissem inated-In travascul ar-Coagul ation ,

Acute-DIC andSubacute DIC only. In mostof theothercaseswe have indi-

catedby nonetheabsenceof any relevanteventthatmight modify thevalueassoci-

atedwith aslot.

B.2 Frame Descriptions

Frame Blood-Coa gulation- Disorder

:SUBCLASS-OF Hemathol ogic-Dise ase

Template-Slot number-o f-platele ts

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1,000,000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [150,000,400,000]

Template-Facet :VALUE-EXCEPTIONS [0, 149,999]Y [400,001,1,000,000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1
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Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 800

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [30, 40]

Template-Facet :VALUE-EXCEPTIONS [0, 29]Y [41,800]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot plate let-aggre gation-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [3.01,4.99]

Template-Facet :VALUE-EXCEPTIONS [0, 3] Y [5, 100]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(change-external-temperature,[0, 100],after, R),

Template-Facet :VALUE-CHANGE-EVENTS

(use-of-aggregation-stimulator-drugs,[0, 100],after, R)

Template-Slot perce ntage-of- protein-C

Template-Facet :VALUE-TYPE Integer
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Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 3000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [60, 150]

Template-Facet :VALUE-EXCEPTIONS [0, 59] Y [151,3000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(inherited-proteinC-deficiency, [0, 59], after, I)

(excess-of-weight,[0-59], after, R)

(Vitamin-K-Deficiency, [0, 59], after, R)

(Cancer, [0, 59], after, I)

(Infection,[0, 59], after, R)

(Vascular-Disorders,[0, 59], after, R)

Template-Slot pt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 250

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES[11, 12.5]

Template-Facet :VALUE-EXCEPTIONS [0, 11.5] Y [13, 250]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTSnone

Template-Slot perce ntage-of- protein-S

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 2240

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [66, 112]

Template-Facet :VALUE-EXCEPTIONS [0, 65] Y [113,2240]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(inherited-proteinS-deficiency, [0, 59], after, I)

Template-Slot activ ated-part ial-throm boplastin -time

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 1400

Template-Facet :VALUE-LABEL inherited

Template-facet :VALUE-PROTOTYPES [60, 70]

Template-Facet :VALUE-EXCEPTIONS [0, 59] Y [71, 1400]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTS

(proteinK-deficiency, [70, 1400],after, I)

Template-Slot fibrinog en

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 8000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [200,400]

Template-Facet :VALUE-EXCEPTIONS [0, 199] Y [401,8000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(bacterial-infection,[0, 19], after, R)

(eclampsia,[41, 8000],after, R)

Template-Slot fibrin-d egradatio n-product s

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 10]

Template-Facet :VALUE-EXCEPTIONS [10.1,100]

Template-Facet :VALUE-MODALITY possible
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Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot antit hrombinII I

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 90

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0.20,0.45]

Template-Facet :VALUE-EXCEPTIONS [0, 0.19] Y [0.46,90]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot D-dim er

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 5000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 200]

Template-Facet :VALUE-EXCEPTIONS [0, 199] Y [201,5000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[200,5000],after, R)

(Head-Trauma,[200,5000],after, R)

(Cancer, [200,5000],after, I)

(Obstetric-emergency, [200,5000],after, R)

(Vascular-Disorders,[200,5000],after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concep t

Frame Haemorrha gic-Disor der

:SUBCLASS-OF Blood-Co agulation -Disorder

Template-Slot percenta ge-of-pro tein-C

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 3000

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPES [0, 59]

Template-Facet :VALUE-EXCEPTIONS [60, 3000]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot number-o f-platele ts

Template-Facet :VALUE-TYPE Integer
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Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1,000,000

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [0, 150,000]

Template-Facet :VALUE-EXCEPTIONS [150,001,1,000,000]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot plate let-aggre gation-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 3]

Template-Facet :VALUE-EXCEPTIONS [3.1,100]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(change-external-temperature,[0, 100],after, R),

(use-of-aggregation-stimulator-drugs,[0, 100],after, R)

Template-Slot fibri n-degrada tion-prod ucts

Template-Facet :VALUE-TYPE Number
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Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [10.1,100]

Template-Facet :VALUE-EXCEPTIONS [0, 10]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concep t

Frame Thromboph ilia

:SUBCLASS-OF Blood-Co agulation -Disorder

Template-Slot pt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-PROTOTYPE [13, 100]

Template-Facet :VALUE-EXCEPTION [0, 12.99]

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-EXCEPTIONS none

Template-Facet :VALUE-MODALITY most
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Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 800

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [41, 800]

Template-Facet :VALUE-EXCEPTIONS [0, 40]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot activ ated-part ial-throm boplastin -time

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1400

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [71, 1400]

Template-Facet :VALUE-EXCEPTIONS [0, 70]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot fibrinog en

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 8000

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [0, 400]

Template-Facet :VALUE-EXCEPTION [401,8000]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot antithro mbin-III

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 90

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPES [0, 0.20]

Template-Facet :VALUE-EXCEPTIONS [0.21,90]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none
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Template-Slot D-dim er

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 5000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 200]

Template-Facet :VALUE-EXCEPTIONS [0, 199] Y [201,5000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Frame Dissem inated-In travascul ar-Coagul ation

:SUBCLASS-OF Haemorrhage-Di sorder , Thombophilia

Template-Slot perce ntage-of- protein-C

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 3000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 59]

Template-Facet :VALUE-EXCEPTIONS [60, 3000]
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Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[20, 60], after, R)

(Trauma,[100,3000],after, R)

(Cancer, [500,3000],after, I)

(Obstetric-emergency, [10, 40], after, R)

(Vascular-Disorders,[40, 70], after, R)

Template-Slot number-o f-platele ts

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1,000,000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 400,000]

Template-Facet :VALUE-EXCEPTIONS [400,001,1,000,000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0, 150,000],after, R)

(Trauma,[0, 150,000],after, R)

(Cancer, [0, 150,000],after, I)

(Obstetric-emergency, [0, 150,000],after, R)

(Vascular-Disorders,[0, 150,000],after, R)

Template-Slot platelet -aggregat ion-time
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Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 3]

Template-Facet :VALUE-EXCEPTIONS [3.1,100]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(use-of-aggregation-stimulator-drugs,[0, 100],after, R)

(Infection,[0, 3], after, R)

(Trauma,[6.1,17.0],after, R)

(Cancer, [3.1,5.0],after, I)

(Obstetric-emergency, [7.1,20.0],after, R)

(Vascular-Disorders,[0, 3.0],after, R)

Template-Slot fibri n-degrada tion-prod ucts

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [10.1,100]

Template-Facet :VALUE-EXCEPTIONS [0, 10]

Template-Facet :VALUE-MODALITY possible

Page175



Theknowledgemodelappliedto theconceptof DIC AppendixB

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0, 10.0],after, R)

(Trauma,[10.1,40], after, R)

(Cancer, [30.1,60], after, I)

(Obstetric-emergency, [40.1,80], after, R)

(Vascular-Disorders,[3.1,15], after, R)

Template-Slot pt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-PROTOTYPE [20,100]

Template-Facet :VALUE-EXCEPTION [0, 19.99]

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-EXCEPTIONS none

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[23, 40], after, R)

(Trauma,[5, 19.99],after, R)

(Cancer, [0, 15.99],after, I)

(Obstetric-emergency, [20.1,40], after, R)

(Vascular-Disorders,[20.1,70], after, R)

Template-Slot ptt
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Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 800

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [41,800]

Template-Facet :VALUE-EXCEPTIONS [0, 40]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[60, 120]after, R)

(Trauma,[10.1,40], after, R)

(Cancer, [3.1,60], after, I)

(Obstetric-emergency, [40, 240],after, R)

(Vascular-Disorders,[40, 210],after, R)

Template-Slot activ ated-part ial-throm boplastin e-time

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1400

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [71, 1400]

Template-Facet :VALUE-EXCEPTIONS [0, 70]

Template-Facet :VALUE-MODALITY possilbe

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[120,500],after, R)

(Trauma,[80.5,125.5],after, R)

(Cancer, [20, 40.5],after, I)

(Obstetric-emergency, [40.1,700],after, R)

(Vascular-Disorders,[60, 150],after, R)

Template-Slot fibrinog en

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 8000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 400]

Template-Facet :VALUE-EXCEPTIONS [401,8000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[401,8000], after, R)

(Trauma,[401,8000],after, R)

(Cancer, [401,8000],after, I)

(Obstetric-emergency, [401,8000],after, R)

(Vascular-Disorders,[401,8000],after, R)

Template-Slot antithro mbin-III

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1
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Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 90

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 0.20]

Template-Facet :VALUE-EXCEPTIONS [0.21,90]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Templ-Facet :VALUE-CHANGE-EVENTS

(Infection,[0.05,0.18],after, R)

(Trauma,[1.0,10], after, R)

(Cancer, [0.7,3.5],after, I)

(Obstetric-emergency, [0.1,30], after, R)

(Vascular-Disorders,[0.1,15.0],after, R)

Template-Slot D-dim er

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 5000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [2000,5000]

Template-Facet :VALUE-EXCEPTIONS [0, 1999]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[2000,4000],after, R)
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(Trauma,[200,1500],after, R)

(Cancer, [1900,4800],after, I)

(Obstetric-emergency, [2400,3500],after, R)

(Vascular-Disorders,[1800,5000],after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concep t

Frame Subacute- DIC

:SUBCLASS-OF Dissemin ated-Intr avascular -Coagulat ion

Template-Slot percenta ge-of-pro tein-C

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 3000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 59]

Template-Facet :VALUE-EXCEPTIONS [60, 3000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[10, 59], after, R)

(Cancer, [0, 30], after, I)

(Obstetric-emergency, [30, 59], after, R)

(Vascular-Disorders,[20, 80], after, R)

Template-Slot number-o f-platele ts
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Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1,000,000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 400,000]

Template-Facet :VALUE-EXCEPTIONS [400,001,1,000,000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY never

Template-Facet :VALUE-CHANGE-EVENTS

Template-Slot plate let-aggre gation-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPES [0, 3]

Template-Facet :VALUE-EXCEPTIONS [3.1,100]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0, 5], after, R)

(Cancer, [3, 10], after, I)

(Obstetric-emergency, [0, 3], after, R)

(Vascular-Disorders,[0, 1], after, R)
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Template-Slot fibrin-d egradatio n-product s

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [10.1,40]

Template-Facet :VALUE-EXCEPTIONS [0, 10] Y [41.1,100]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[10.1,30], after, R)

(Cancer, [5, 15], after, I)

(Obstetric-emergency, [30, 70], after, R)

(Vascular-Disorders,[20, 35], after, R)

Template-Slot pt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [11, 25]

Template-Facet :VALUE-EXCEPTION [0, 10.9] Y [25.1-100]

Template-Facet :VALUE-MODALITY all
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Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[7, 20], after, R)

(Cancer, [0, 50], after, I)

(Obstetric-emergency, [25, 80], after, R)

(Vascular-Disorders,[1, 11], after, R)

Template-Slot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 800

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [20, 30]

Template-Facet :VALUE-EXCEPTIONS [0, 19] Y [31, 800]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[15, 25], after, R)

(Cancer, [19, 40], after, I)

(Obstetric-emergency, [5, 20], after, R)

(Vascular-Disorders,[10, 45], after, R)

Template-Slot activ ated-part ial-throm boplastin -time

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0
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Template-Facet :NUMERIC-MAXIMUM 1400

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [60, 100]

Template-Facet :VALUE-EXCEPTIONS [0, 59] Y [101,1400]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[20, 59], after, R)

(Cancer, [65, 80], after, I)

(Obstetric-emergency, [40, 70], after, R)

(Vascular-Disorders,[80, 90], after, R)

Template-Slot fibrinog en

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 8000

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [0, 400]

Template-Facet :VALUE-EXCEPTIONS [401,8000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[401,8000],after, R)

(Cancer, [401,8000],after, I)

(Obstetric-emergency, [401,8000],after, R)

(Vascular-Disorders,[401,8000],after, R)
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Template-Slot antit hrombin-I II

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 90

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [0, 0.20]

Template-Facet :VALUE-EXCEPTIONS [0.21,90]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0, 0.1],after, R)

(Cancer, [0.8,0.35],after, I)

(Obstetric-emergency, [0.05,0.1], after, R)

(Vascular-Disorders,[0.18,9], after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Template-Slot D-dim er

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 5000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [200,2000]
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Template-Facet :VALUE-EXCEPTIONS [0, 199] Y [2001,5000]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[200,400],after, R)

(Cancer, [300,800],after, I)

(Obstetric-emergency, [10, 100],after, R)

(Vascular-Disorders,[500,2000],after, R)

Frame Acute-DIC

:SUBCLASS-OF Dissemin ated-Intr avascular -Coagulat ion

Template-Slot percenta ge-of-pro tein-C

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 3000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 59]

Template-Facet :VALUE-EXCEPTIONS [60, 3000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0, 59], after, R)

(Cancer, [40, 70], after, I)

(Trauma,[0, 30], after, R)
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(Burns,[80, 1500],after, I)

(Obstetric-emergency, [40, 160],after, R)

(Vascular-Disorders,[0, 59], after, R)

Template-Slot number-of-plat elets

Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 1,000,000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 150,000]

Template-Facet :VALUE-EXCEPTIONS [150,001,1,000,000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY never

Template-Facet :VALUE-CHANGE-EVENTS

Template-Slot plate let-aggre gation-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPES [0, 3]

Template-Facet :VALUE-EXCEPTIONS [3.1,100]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile
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Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[2.5,4], after, R)

(Cancer, [0, 3], after, I)

(Trauma,[0, 1.5], after, R)

(Burns,[0, 5], after, I)

(Obstetric-emergency, [0, 5], after, R)

(Vascular-Disorders,[3, 7], after, R)

Template-Slot fibrin-d egradatio n-product s

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [40, 100]

Template-Facet :VALUE-EXCEPTIONS [0, 39]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[10, 39], after, R)

(Cancer, [60, 100],after, I)

(Trauma,[29, 45], after, R)

(Burns,[40, 60], after, I)

(Obstetric-emergency, [70, 100],after, R)

(Vascular-Disorders,[40, 60], after, R)

Template-Slot pt

Template-Facet :VALUE-TYPE Number
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Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 100

Template-Facet :VALUE-PROTOTYPE [20.1,100]

Template-Facet :VALUE-EXCEPTION [0, 20]

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-EXCEPTIONS none

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[20, 40], after, R)

(Cancer, [80, 100],after, I)

(Trauma,[10.5,29], after, R)

(Burns,[5, 15], after, I)

(Obstetric-emergency, [20.1,50], after, R)

(Vascular-Disorders,[2, 12], after, R)

Template-Slot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 800

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [100,1400]

Template-Facet :VALUE-EXCEPTIONS [0, 99]

Template-Facet :VALUE-MODALITY all
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Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[200,400],after, R)

(Cancer, [0, 80], after, I)

(Trauma,[300,500],after, R)

(Burns,[100,150],after, I)

(Obstetric-emergency, [30, 700],after, R)

(Vascular-Disorders,[400,1000],after, R)

Template-Slot activate d-partial -thrombop lastin-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :SLOT-NUMERIC-MAXIMUM 1400

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [200,1400]

Template-Facet :VALUE-EXCEPTIONS [0, 199]

Template-Facet :VALUE-MODALITY most

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[200,400],after, R)

(Cancer, [300,800],after, I)

(Trauma,[20, 150],after, R)

(Burns,[80, 250],after, I)

(Obstetric-emergency, [400,1000],after, R)

(Vascular-Disorders,[200,350],after, R)

Template-Slot fibrinog en
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Template-Facet :VALUE-TYPE Integer

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 8000

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [0, 200]

Template-Facet :VALUE-EXCEPTIONS [201,8000]

Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[200,400],after, R)

(Cancer, [300,800],after, I)

(Trauma,[], after, R)

(Burns,[], after, I)

(Obstetric-emergency, [10, 100],after, R)

(Vascular-Disorders,[500,2000],after, R)

Template-Slot antit hrombin-I II

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 90

Template-Facet :VALUE-LABEL inherited-with-exception

Template-Facet :VALUE-PROTOTYPE [10, 90]

Template-Facet :VALUE-EXCEPTIONS [0, 9.9]

Template-Facet :VALUE-MODALITY all
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Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[0.5,7.9], after, R)

(Cancer, [30, 60], after, I)

(Trauma,[9, 35], after, R)

(Burns,[10, 70], after, I)

(Obstetric-emergency, [10, 30], after, R)

(Vascular-Disorders,[4.5,8], after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concep t

Template-Slot D-dimer

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM 0

Template-Facet :NUMERIC-MAXIMUM 5000

Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [2000,5000]

Template-Facet :VALUE-EXCEPTIONS [0, 1999]

Template-Facet :VALUE-MODALITY possible

Template-Facet :VALUE-CHANGE-FREQUENCY volatile

Template-Facet :VALUE-CHANGE-EVENTS

(Infection,[2000,5000],after, R)

(Trauma,[1000,3000],after, R)

(Burns,[1500,2100],after, I)

(Cancer, [200,1000],after, I)
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(Obstetric-emergency, [3500,5000],after, R)

(Vascular-Disorders,[1800,3000],after, R)

Slot-Framedescriptions

SlotPlatelet -Count

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Integer

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0,

:SLOT-NUMERIC-MAXIMUM 1,000,000

:DOCUMENTATION Countsthenumberof plateletspermillimiter cubed

SlotPTT

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0,

:SLOT-NUMERIC-MAXIMUM 800

:DOCUMENTATION Partial thromboplastinetime in seconds

SlotPlatelet -Aggregat ion-Time

:DOMAIN Blood-Coagulation-Disorder
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:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0,

:SLOT-NUMERIC-MAXIMUM 100

:DOCUMENTATION Time in minutesof aggregation

Slot Percent age-of-Pr otein-C

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPEInteger

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 3000

:DOCUMENTATION Measuresthepercentageof inhibition

Slot PT

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 250

:DOCUMENTATION prothrombin time in seconds,normal valuesmay vary de-

pendingon labs
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SlotPercenta ge-of-pro tein-S

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Integer

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 2240

:DOCUMENTATION Measuresthepercentageof inhibition

SlotAPTT

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 1400

:DOCUMENTATION Activatedpartialthromboplastintime in seconds

SlotFibrinog en

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Integer

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0
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:SLOT-NUMERIC-MAXIMUM 8000

:DOCUMENTATION Amount of fibrinogenin blood mweasuredin mg/dl. It is

initially in relationto theprimaryconditionandthendecreases.

Slot Fibrin- Degradati on-Produc t

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 100

:DOCUMENTATION bloodcontainslessthan10mcg/ml fibrin split products(FSP)

Slot D-dimer

:DOMAIN Blood-Coagulation-Disorder

:SLOT-VALUE-TYPE Number

:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM 0

:SLOT-NUMERIC-MAXIMUM 5000

:DOCUMENTATION bloodcontainslessthan200 ¸ g/l.
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