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Abstract

Sharingandreusingknowledgeis thatresearchareain Artificial Intelligence(Al)
that aimsto isolatethe knowledgecomponentsvhich are sharedacrossdifferent
domainsandrepresenthemin a way generalenough,sothatthey may be reused
in differentapplications. Knowledge to be sharedandreuseds of two types: On-
tologies knowledgeabout‘what”, andProblem-solvingnmethodsknowledgeabout
“how”.

In this thesiswe focusour attentionon sharingontolagies,andwe concentraten
a conceptualmetamodefor ontologieswhich supportsan alternatve approacho
knowledgesharing.Thesearethetwo mainresearchthreadgollowedin thesis:The
primary threadconcentratesn an enrichedontology modelwhich providesa pre-
cisecharacterisatioof the attributesusedto defineconceptsn the ontology This
conceptuametamodeis basedbnamultidisciplinarytheoreticabackgroundvhich
includesthe formal notionsof ontologcal analysis(namelyidentity, rigidity, unity
anddependengdWelty andGuarino2001],on the cognitive notionsof prototypes
andexceptions,andthe notion of modalty. The characterisatiof attributeswe
proposehasbeenmodelledby a setof metapropertie$or attributeswhich encom-
passthe behaiour of conceptpropertiesin the conceptdefinition and over time,
namely:Mutability, Mutability FrequencyReversible Mutabiity, EventMutability,
Modality, Prototypicality, Exceptionality Inheritance Distinction. The novelty of
this extendedconceptuametamoel is thatit explicitly representshe behaiour of
attributesover time by describingthe changesn a propertythat are permittedfor
membersof the concept. It alsoexplicitly representdhiow conceptpropertiesare
inheritedby subconceptdrinally, the metamodetoesnot only describethe proto-

typical propertiesholding for a conceptout alsothe exceptionalones.No previous
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work on ontology hasprovided sucha precisecharacterisationf attribute proper

ties.

This conceptuaimetamodehasbeendevelopedto enablethe assessmenif se-
manticsimilarity in the structureof multiple ontologes,calledontologyclustering,
which is the objectof the secondaryesearchthread. Ontolagy clusteringlocates
the sharedknowledgein a structureof multiple ontologeswhich arehierarchically
organised.Although this hasnot beena primary direction,we believe that sucha

structurenasadvantage®vertheothersespeciallyif consideredn thecontext of an

openervironmentsuchastheInternet.
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Chapter 1

Intr oduction

1.1 Knowledgesharing and reuse

Thisthesignvestgatessharingknowledgebetweerheterogeneoughowledgesources
in anopenervironment,whereknowledgesourcesanjoin andleave at ary time,
in aflexible, scalableandmaintainabé way.

Thelasttwo decade$ave seenarapidevolution of computng andcommuncation
technologeswhich have dramaticallychangedheway in which knowledgeis per
ceivedin everydaylife. In computerscienceanew perspeciie, theknowledeg level
[Newell 1982]hasshiftedthe focusof attentionfrom datato knowled@, which has
led to applicationdor the developnentandspecificationof knowledgebasedsys-
tems,andlibrariesof reusablecomponers.

Technologicaldvancesn computng have madeit possibé to exploit the knowl-
edgelevel perspectie, by providing the technologyto build very large intelligent
systemsthat can use knowledgeto answercomple queries. In communcation
technologes the advancesin networks of computersand especiallythe Internet,
have madeavailablea large numberof resourcegrom which knowledgecanbe ex-
tractedandthataretypically heterogeneous.

The procesof building powerful intelligentsystemselieson the ability of captur
ing andrepresentingtnowledge, alsoknown collectively asknowledg acquisiton.
Theacquisiton of knowledgeis complicatedby the availability of mary knowledge

sourcesandby their heterogeneityit is thusnecessaryo find away to combinethe
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Introduction Chapterl

knowledgeprovided by thesesourcedn orderto have a richerunderstandingf a
domain. Acquiring knowledgehasprovedto be extremelycomplex andtime con-
suming.Therearesomenotiors thatarecommonacrossiomains gvenwhenthese
have differentnature.ldeally, we would lik e to be ableto reusethesecomponents,

but reusabiliy is noteasyto achieve, atleastfor thefollowing reasons:

¢ thelack of standardepresentationst symiwlic level, thatpreventsthe shar

ing of knowledgecomponentamongdifferentsoftwaredevelopers;

¢ thedifficulty of locatingandidentifyingknowledgecomponentshatarereusable

from thosethatcannotbereused;

o thelack of suitablemetricsthatpermitthe comparisorof knowledgecompo-

nentsin orderto choosethe mostappropriateonefor a specificapplication;

¢ thelack of methoddogiesandtoolsthatcansupportheintegratian of knowl-
edgecomponentn systens differentfrom the onesthey have beendesigned

for;

e thelack of evaluaton of mostof theknowledgecomponentshatarebuilt.

Sharingandreusingknowledgearestrictly connectedhctwities. In fact,in orderto

explain how acomponentanbereusednehasoftento communicatesubtleissues
that are more easily expressedn a formal way; theseexplanations(more or less
formally expressedpeeda sharedunderstandhg of theintendednterpretation®f

terms.

However, sharingandreusingknowledgecanbe hamperedy the following prob-

lems[Gbmez-Rerez1998]:

1. Heterogeneityproblems

(a) Heterogeneityof knowled@ representatiorformalsms
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Chapterl Introduction

(b) Heteogeneityof theimplementatin languages
(c) Lexical problems

(d) Synonymity
2. Backgroundassumponsproblems;

(a) Hiddenassumptios

(b) Lossof commorsense&nowled@.

Theseproblemsarediscussednorein detailin Sectionl.2.
Thedifficultiesarisingfrom sharingandreusingknowledgehave beensummarised
quite effectively by Tom Gruberin [Gruber1991,page91]:

todaysknowledgesystemareisolatedmonoithscharacterisety high
internd coupling... andalack of externalcouplinginterfaces...

Sharingandreusingknowledgeis thatresearchareain Artificial Intelligence(Al)
thataimsto isolateknowledgecomponentsvhich aresharableacrosdifferentdo-
mainsandrepresenthemin a way generalenough,so thatthey canbe reusedn
differentapplications. Knowledgeto be sharedand reusedis of two types: On-
tologies knowledgeabout'what’, andProblem-soling methodsknowledgeabout
‘how’. In thisthesiswe concentrat@nly onthesharingof ontolagiesanddisregard
the sharingof problem-stving methodsalthoughwe acknavledgethatthesetwo
knowledgecomponentarestrictly related andthatthenatureof the‘knowing how’
necessarihaffectstheway in which the ‘knowing what’ is representedT his prob-
lemis knownin theliteratureasinteraction problem[BylanderandChandrasekaran
1988].

In thisthesiswe focusour attentionon sharingontologies,andwe addresswo main

researchyuestims:

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

approachepresentedn the literature,whetherthereis an approachwhich
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2. Whatkind of knowledgeshouldberepresenteth ontologesin orderto facil-

givesbetterprospect$or achieving interoperabilly amongheterogeneousu-

tonomousknowledgesources?

itate interoperatioramongheterogeneousutonomasknowledgesources?

1.2 Problemdefinition

Knowledgesharingandreusewasthe aim of the ARPA KnowledgeSharingEffort
[Nechesetal. 1991]which proposedhefollowing vision [Nechesetal. 1991 ,page
37]:

In thisthesiswe specificallyaddresshe sharingof ontolagies thatis thesharingof
formal andexplicit specification®f the conceptualisatiousedto modelthe do-

mainsof interest.Thereforesharingontologesconcernghe sharingof acommon

we presenta vision of the futurein which theideaof knowledge shar

ing is commonpace. If this vision is realized,building a new system
will rarely involve constructinga nev knowledgebasefrom scratch.
Instead,the processof building a knowledge-basedystemwill start
by assembhg reusablecomponerd. Portionsof existing knowledge

baseswould be reusedin constructingthe new system,and special-
purposereasonerembodyng problem-solvng methodswould simi-

larly be broughtin. Someeffort would gointo connectinghesepieces,
creatinga“customshell” with preloadeknowledge. However, thema-
jority of the systemdevelopnent effort could becomefocusedon cre-
atingonly the specializedknowvledgeandreasonershatarenew to the
specifictaskof the systemunderconstruction In our vision, the new

systemcould interoperatewith existing systemsand posequeriesto

themto performsomeof its reasoning Furthermoregxtensiosto ex-

isting knowledgebasescould be addedto sharedrepositoriesthereby
expandingandenrichingthem.

formal andexplicit view onadomain.

Knowledgeto be sharedmight be modeledandrepresenteth mary diverseways,
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Chapterl Introduction

andsothe aim is to shareknowledgeamongheterogeneousesourceshat are au-
tononous (andso not designedo interoperatewithin a general flexible architec-
ture. Heterogeneityof the knowledgesourcescan hinder the processof sharing
knowledgeithis doesnot alwayshave to be percevedasadisadwantagebut it poses
problemsthat needto be solved in orderto achiese interoperabilitybetweenthe
knowledgesources. Nechesand colleaguedNecheset al. 1991] have identified
four typesof impedimento sharingandreusingknowledgethatoriginatefrom het-

erogeneity:

1. Heterogeneou&epresentationsKnowledgeis representedn a formalism
thatcannotbe easilytranslatednto others.This type of diversty is inherent
to the applicationfor which the knowledgeis representedindeed,thereare
anumberof possibé waysto represenknowledgeandthe choiceof onerep-
resentatiorover the otherscanaffect the systems performance Thereis no
single knowledgerepresentatiothatis the bestfor all problemsnor is there
likely to beone.

In mostof the casessharingand reusingknowledgeinvolves performinga
(very oftenmanual)translationfrom oneformalismor languagento the oth-
erstrying to reducetheinformationlossthatis inevitablein thesecases.
Many efforts have beendevotedto identifying and overconing this kind of
heterogeneityFor example,in [CorchoandGomez-Rrez2000]the authors
provide a comparisorof the differentontolagy language®n the groundsof
differentdimensonssuchastheway conceptsaredescribedthetype of tax-
onomges,the inferencemechanisrma supportedy a languagegetc. This kind
of comparisons extremely usefulfor identifying the mostappropriatdan-
guagefor thekind of applicationthatis beingdesigned.

Many ontolagy editorssuchasWebODE[Arpirez etal. 2001]andProteye-
2000[FridmanNoy etal. 2000]give the possbility to write theontologyin a

framebasedormalismandtranslatat into differentlanguagesFurthermore,

Page5



Introduction Chapterl

somesystems,suchas OntoMorph[Chalupslky 2000], have dealtwith the
problemof providing syntacticrewriting rulesto performtranslationdrom
oneontologylanguagento another

The problemof heterogenousepresentatiors percevedalsoin morerecent
applicationareassuchasthe SemantidVeh Indeed,Ontonveb,the European
network of excellenceon ontolagy-basednformationexchangefor knowl-
edge managemenénd electroniccommerce,hasa SpeciallnterestGroup
working on standardisatin efforts for ontology languagegmoreinformation
canbefoundatthefollowing URL.:
http:/Mww.cs.man.ac.ukiorrocks/OnWeb/SIG/);

2. Dialectswithin Languageramilies: A single family of knowledgerepresen-
tation formalismscan presentmary differentvariationsboth to syntaxand
semantics Someof thesearetrivial whereastherscanbe quite substantial.

However, all of themcanhampeiknowledgesharingandreuse;

3. Lack of Communicathn Cornventions: Knowledge sharingcanbe achiesed
if differentsystemsare enabledto communcate. This impliesthat all the
knowledgesourcesagreeto committo somestandarccommuncationproto-
col allowing systemgo queryeachothers.However, only few standardfiave
beenestablishedat leastthroughconsensusin the pastyears,amongthe
mostrelevantwe mentionhereOKBC [Chaudhrietal. 1998]whichconcerns
theknowledge contentandKQML [Finin etal. 1997],whichis the protocol

for dealingwith querieson theknowledgecontent;

4. Model Mismatchesat the KnowledgelLevel: Evenwhenthe aforementioned
problemsare resoled thereis still the big issueof reconcilingmodelsex-
pressingdifferentsemanticsyhich poseshugedifficulties. A moredetailed
analysisof the kind of model mismatcheghat can occurat the knowledge
level canbefoundin [Visseretal. 1998],andin [Grossoetal. 1998],andwe

have analysedhemin Section3.5.
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Chapterl Introduction

In this thesiswe addresshe problemof achierzing knowledgesharingbetweerhet-
erogeneousourcesn anopenervironment wheresourceganjoin andleave freely
andno standards imposedon them. This implies the useof ontologiesto model
the perspecties on one or more domainswhich are modelked in the knowledge
sources,and reachingan agreemenbetweenthem, that is creatingone or more
sharedntologes,to whichthesinglelocal ontologieschooseo commt in orderto
commuricate. Thisis necessarin orderto allow heterogeneousnowledgesources
to interoperatavhile maintainirg their autonony.

We focusour attentionontwo differentaspect®f theproblem thatis onthewayin
whichthesharedntology(ontologiesshouldbestructuredandthecontentandthe
modelling primitivesthatthe sharedontology (ontologies)shouldpresentin order
to achieve interoperability while reducingthe information losswhich is inevitable
eachtime knowledgeis translated.In particular in this thesiswe argue the need
for a structureof multiple sharedontolagies,wheresharedknowledgeis locatein
smaller multiple sharedontologesthatare hierarchicallyorganised.In this way,
knowledgeis modelledat differentlevels of abstractionanda knowledge source
canjoin theinteroperatioratary time, by commiting to the sharedntology whose
view onthedomainis closerto the oneof theknowledgesource.

Building multiple sharedontologiesdependson the ability to matchsimilar con-
cepts,by meansof a matchingprocesshat takesinto accountalsothe concepts
description In orderto supportthe matchingprocessthis thesisprovidesa more
precisedescriptionof the conceptsn sharedontologes, which permitsto better
identify the possilbe casef heterogeneityFor this reasonthe main contrikution
of thisthesisis a setof meta-poperieswhich providesa precisecharacterisatioof
the attributesin termsof their behaiour over time (including whetherthe change
is allowed or not, whetherit happensegularly or onceonly in the concepts life-
time, andthe reversibility of the change) their degreeof applicability to subcon-
cepts,their beingprototypicalor exceptional. The aim of thesemeta-propertiess

to provide a moredetaileddescriptionof the conceptsn termsof their characteris-
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Introduction Chapterl

ing featuredqattributes)andto complementhe setof meta-propertieproposedcy
GuarinoandWelty [Welty andGuarino2001]thatareusedto performaformal on-
tologicalanalysiswvhich permitsthe designof lesstangled(andthusmoresharable)

ontologies.

1.3 Reseach aim, questians, and method

Theaim of thisthesisto is provide supportthe designof multiple sharecntologies
thatpermitinteroperabiliy amongheterogeneousnowledgesourcesn away such
thatthesesourceanmaintaintheir autonomyandtheir heterogeneitys not over-
comebut only reconciled.

This researchaim is effectively summarigd by the following two researchgues-

tions:

1. Is it possibé to determine,only by meansof a preliminary analysisof the
approachepresentedh theliterature whetherthereis anapproachhatgives
betterprospects$or achieving interoperabilityamongheterogeneousutonomas

knowledgesources?

2. Whatkind of knowledgeshouldberepresenteth ontologesin orderto facil-

itate interoperatioramongheterogeneougsutonomasknowledgesources?
Any answerto theresearb questionsnustsatisfythe following requirements:

1. heterogeneitihasto be maintainedn the knowledgesourcesand hasto be
reconciledonly for interoperationpurposeswhich meansthat it hasto be
reconciledonly to the extent of permitting communicatn betweenthose
knowledgecomponerg which are sharedby the sourceswillin g to interop-

erate;
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Chapterl Introduction

2. the commimentto the sharedontologieshasto be flexible, asin an open
ervironment with knowledgesourceghat caninteroperatdreely with other
sourcesiotknown in advance only onthegroundof somesharecknowledge

(necessaryn orderto have acomman groundfor communicatio).

In orderto find the answerdo the researchguestionghat satisfythe requirements

above, we have madethefollowing assumptias:

e thatwe arerestrictingoursehesto the sharingof conceptsandrelationsonly,

disregarding the problemof sharingaxioms;

e knowledgesourcegprovide sufficientinformationto permittheunderstanding

of whichknowledgecomponentarerelatedandthussharable;

e ontolbgiesmodeling the knowledgesourcesare correctand possiblyuntan-
gled,thatis, they have beendesignedaccordingto a lifecycle thatincludesa

validation step;

e aknowledgesourcecancommitonly to onesharedntology atatime; differ-

entviews on adomainareallowedonly at differenttimes;

e translatimsacrossontolagiesmight not presere the semantics.

Two mainresearchdirectionshave arisen. Thefirst invedigatesthe way in which
knowledgesharedoy all the sourcess to be modelledin aformal andexplicit way
by oneor more sharedontolagies, andthe relationshipshetweenthe sourcesand
the sharedontologies.In orderto do sowe have invegigateda numberof systems
usingontolagiesto facilitate knowledgesharing,suchas InfoSleuth[Perry et al.
1999], OBSER/ER [Menaetal. 2000],andKRAFT [Preeceetal. 2001],andwe
have analysedheapproachethatarebehindthesesystems.

Relatedto this is the questionof what information shouldontolagies provide in

order to permit interoperabilitywhich conformsto the requirementsabore, and
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Introduction Chapterl

whetherthe ontology modelsthatare currentlyusedareadequatdo achiese inter-
operabilityasdescribedabove in Requirementl. The procesf recognisingcan-
didateknowledgecomponents$or sharingandreusedepend$eavily on semantics,
andis quite demandingo performin thatit requiresa deepknowledgeof the do-
main. We indicatewhatkind of informatian on the knowledgecomponentshould
be representedh the ontologiesin orderto facilitate the individuation of suitabe

candidates.

1.4 Thesisstructure

Theremaindeof thisthesishasthefollowing structure:in Chapter2 wereview the
theoreticafoundationsof ontologes. Thistermis usedbothin Philosophywhere
it indicatesthe systematiaexplanation of Existence,andin variousareasin Arti-
ficial Intelligence(Al), suchasknowledgeengineeringknowledge representation,
qualitatve modelling databaselesign,languagesngineeringjnformation integra-
tion, informationretrieval andextraction,knowledge managemerdandorganisation,
agent-basedystemdesign,and, morerecently the semantioveb [Guarino1998].
In all theseareasthe term takes a differentmeaning,in somecasest denotesa
setof activities performedfollowing a standardisedhethodobgy, suchasconcep-
tual analysisand domainmodellirg, while in someother casest just indicatesa
warehousef vocalulary to solve lexical, semantiandsynorym problemsandas-
sumptiors. We review thedifferentmeaningshatthetermontologytakesin Al. We
alsopresentan overview of the philosoplical notionson which muchof the work
onontologiesin Al is groundedjn particularwe focusour attentionon formal on-
tology andhow it providesthetoolsto performaformal ontologicalanalysisaimed

to build betterconceptuamodels.

Chapter3 present@anoverview of knowledgesharingandreuseandfocusesonthe

rolesthatontologiesplay in this context. We hereillustratethe diverseapproaches
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Chapterl Introduction

presentedn the literatureand we sketcha novel proposalfor knowledgesharing,
namelyontolagy clustering which we believe is an alternatve to the approaches
presentedh theliteraturefor achiezing interoperabiliy in openervironmentswhile
reducingtheinformationloss.

Ontolog clusteringis basedon the ability to assessemanticsimilarity between
concepts. We briefly surey the measuregor semanticsimilarity that have been
presentedn the literatureandwe arguethe needfor moresensitve measuresthat
returnnotonly a binaryvalue,but a degreeof similarity betweernconceptghatcan
be usedto performsomekind of semantiamatching. Thesemeasureshouldtake
into accounthe structureof the concepts descriptionandtherelationshpsholding
betweerconceptsBasedontheapproactby Rodﬁguezand Egenhofer[Rodriguez
andEgenhofer2002]we have enrichedthetraditionalontologymodelwith a setof

metapropertiego describeattributes,whichis the objectof the next chapter

In Chapterd we introduceand motivate an extendedconceptuamodelfor ontolo-
gieswhich explicitly representsemanticinformationaboutconcepts’properties.
This modelis groundedon the meta-propertiesf formal ontologcal analysisthat
we presentin Chapter2 andit resultsfrom enrichingthe usualconceptuamodel
with meta-propertietor attributes(thatmodelconceptspropertiesvhichprecisely
characteriseshe concepts propertiesand expectedambiguties, including which
propertiesare prototypical of a conceptandwhich are exceptional,the behaiour
of propertiesovertime andthe degreeof applicabilityof propertiedo subconcepts.
The explicit treatmentof time for attribute descriptionsn an ontolog is a novel
aspectintroducedby this thesis. This enrichedconceptuaimodel permitsa pre-
cisecharacterisatioof whatis representethy classmembershigpnechanismand
helpsa knowledge engineerto determine,in a straightforvard manney the meta-

propertiesholdingfor a concept.

Chapter5 presentsan exampleof modeling by usingthe ontology modelintro-
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ducedin Chapter4. The domainchoserfor the exampk is that of medicine,and
we modelaparticularconditonknown asDissemimtedintravascula Coagulation

We have choserthisdomainasit is extremelycomplex to modelandbecausesome
of thepropertief this conditionaretime andeventdependentfor thisreasonthis
exampleis particularlysuitableto shav the effectivenessf the ontologymodelde-

velopedin thisthesis

Finally, Chapter6 draws conclusionshighlighting thosewhich aredeemedo be
the novel contritutionsto the field of this thesis,and it presentduture research

directionsthatemepgedfrom theresearcton thisthesis.
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Chapter 2

Theoretical foundationsof ontologies

2.1 Intr oduction

Theneedto sharediverseknowledgeand/orinformation with otherapplicationsal-
readybuilt hasgivenriseto a growing interestin researchon ontology. Thisterm
hasbeenoriginally usedn Philosofiy whereit indicatedthesystemat explanation
of Existence Morerecently thetermhasbeenusedin variousareasn Artificial In-
telligence(Al) andmorewidely in ComputerSciencesuchasknowledgeengineer
ing, knowledge representationqualitatve modeling, databaselesign,language
engineeringjnformationintegration informationretrieval and extraction, knowl-
edgemanagemerdndorganisatio, agent-basedystendesignGuarino1998]and
e-commerce.Ontologesplay alsoa key role in oneof the newvestareasof inter-
est,the SemantidVeb, asconfirmedby efforts suchasOntoWeb (http://ww  w.
ontowe b.org )andDAML (http://www .daml.or Q).

In all theseareasthe term ontolagy cantake a differentmeaning. In somecases
this term denotesa setof actiitiesperformedfollowing a standardisednethodol-
ogy, suchasconceptuahnalysisanddomainmodelling, while in someothercases
it justindicatesa warehous®f vocahulary to solve lexical, semantiandsynorym
problemsandassumpons. It is thusclearthatthereis no uniquedefinition of the
termontolayy, andsothis chapterintroduceghedifferentsensesf theword ontol-
ogy in Philosophyandin Artificial Intelligence.The meaningof thetermontolagy

changesnoving from philosoply to Al. Thephilosoghical accounfor thetermon-
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tology is the branchof metaphgicsthat dealswith the natureof Being, andit can

be consideredasa particularsystemof categoriesaccountingor a certainvision of

theworld [Guarino1998]. In theremainderof the thesisthe word ontolagy is used
asan uncountablenoun (which doesnot have a plural form) whenit refersto the

philosoplical notion of ontology whereaswe will useasa countablenounwhen

referiing to the engineeringartifactsdefinedin Al.

This chapterpresentsan overview of theoreticalfoundationsof ontologes. This

topicis too vastto be dealtwith in a chaptey sowe focusour attentionon thoseas-

pectswhich arerelevantfor thethesissuchasthedefinitionof ontolagiesandof the

propertiesvhich hold for them,while we disregardotherimportantfeaturesuchas

thelanguagesmnethodolgies,andtoolsthatcanbe usedto build ontologies.

Many articlesin the literature have beendevoted to presentingdifferent defini-

tions and featuresof ontolagies; for this chapterwe have followed the overvien

by Gobmez-RrezandBenjamindGomez-RrezandBenjaminsl999]. This chapter
illustratesthe differencebetweenthe philosophicaland Al notion of ontologyand

presentshedifferentdefinitionsof ontolog in Al (Section2.2). Beforedescribing
thedifferenttypesof ontologes(Section2.4)we introducethemodeling primitives

thatcanbe usedto modelthem(Section2.3). Then,in Section2.5we presenthe

philosophcal notionson which muchof thework on ontolagiesin Al is grounded,
in particularfocussingour attentionon formal ontology and how it providesthe

toolsto performa formal ontologcal analysisaimedat building betterconceptual

models(Section2.5.1).We endthis chapterby drawing conclusioss.

2.2 Ontologies: from Philosophy to Artificia | Intelli-
gence

The meaningof the termontolagy hasdifferentconnotatimsin Philosoply andin
ComputerScience. Guarinogave a characterisatiomf the philosophical account

for the term ontolagy asa particularsystemof categoriesaccountingfor a certain
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vision of theworld [Guarino1998]. In this perspectie anontologyis independent
from the languageusedto describeit. As we have alreadymentioned the word
ontolayy takes a differentmeaningin Artificial Intelligence,whereit denotesan
engineeringartifact thatis comprisedof a specificvocalulary andof a setof ex-
plicit assumpbns concerningthe intendedmeaningof the words composng the
vocahlulary. Sincethe focusof this definition of ontologyis the vocalulary which
is usedto describea specificreality, it is clearthatthe Artificial Intelligencenotion
of ontology is languagalependenasopposedo the philosoplical one.

Although the Al communiy seemskeento agreeon the useandon the meaningof
theterm“ontology”, thereis no aformal definitionthatis fully acceptec&ndagreed

uponby the communty.

2.2.1 Gruber sdefinition of ontology

Themostwidely quoteddefinitionof “ontology’ wasgivenby Tom Gruberin 1993,
who definesanontologyas[Gruber1993,pagel99]:

anexplicit specificatiorof a conceptualisation.

Grubers definition builds on the ideathat the declaratve formalisationof the do-
main knowledge startsfrom the conceptuakationof the domain[Geneserettand
Nilssan 1987],thatis theidentificationof the objectsthatarehypahesisedo exist
in the world andthe relationshipsbetweernthem. We useherethe word objectin
its broadesimeaning sothatit candenoteboth abstracandconcretethingsof the
world. Accordingto GeneseretandNilssan aconceptualisatiors [Geneseretland
Nilssan 1987,pagel?2]:

atriple consistimg of universeof discourseafunctionalbasissetfor the
universeof discourseandarelationalbasisset.

Theuniverseof discoursas thesetof objectsonwhichtheknowledgeis expressed.

A classicexampk is of conceptualisatioms the Blocks World domain,whereob-
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jectsof thedomainarefivetoy-blocksonatable,namelya, b, c, d, e. Thefunctional
basissetgroupsatype of basicinterrelationfips amongobjectsof the universeof

discoursefor examplein the Blocks World case,it would make senseto include
in the conceptualisatioafunctionhat mappinga blockinto anotherif the second
block is on top of thefirst one. A relationalbasissetis a setof a secondkind of

interrelationship holdingamongobjectsof the universe. We will denotea concep-
tualisationas< D, F, R >, whereD representthe domain,thatis the universeof

discourse F is the setof functionalbasisandwhereR is therelationalbasisset.
For somepurposest might not beimportantto distingush betweenthe functional
andthe relationalbasisset,in thesecasesve will denotea conceptualisatiomasa
simplerstructure< D, R> whereR is the setof all the interrelationsips defined
on the objectscomposiig the universeof discourse.For example,in the Blocks
World it would make sensedo considettherelationshipabove , relatingtwo blocks
if oneis arnywayabove theother ortherelationshipon, holdingif oneblockisim-

mediatelyon top of anothey etc. Therefore accordingto GeneseretlandNilsson,
a conceptualisabin of the Blocks World domaincanbe thetriple: {{a,b,c,d, e},

{hat },{on, above, clear , table }}. In this way the conceptualisationf a
domainis a setof ontological descriptions{C, Cs, - - -, C,,} whereeachC; is an
entity of thedomain,afunctionor arelationshp concerningoneor theentities that
isVC;,i:1,---,n, C; € DVC; € F,V C; € R. Theexplicationof eachsymbol
C; by assignng it a meaningcorrespondso describingthe domainaccordingto a
particularviewpoint andthis viewpaint is the ontology.

Accordingto Gruberan ontolayy is a quintuplecomposedf classesinstarces

functions relatiorships axioms Classescorrespondo entitiesof the domain,in-

stancesarethe actualobjectswhich arein the domain,functiors andrelationsips
relateentitiesof the domain,andfinally axiomsconstrainthe meaningandthe use
of classesaandinstancesfunctionsandrelationships.We have alreadymentiored
thatGrubers definitionof ontologyis basedn GeneseretandNilssan’s definition

of conceptualisabin [Geneseretland Nilsson 1987], exceptthat Gruberrefersto
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classesinstancesand axiomsusedto constrainclasse®r instancesnsteadof the
universeof discourse.

Despitethe fact that Grubers is one of the mostuseddefinitionsof ontolagiesit
hasbeenarguedthatit posessomeproblems.Oneof the possiblecriticisms to the
useof GeneserethndNilsson conceptualisatioascornerstondéor Grubers defini-
tion of ontologyis thatthis senseof conceptualisatiois basedn the mathematical
definitionsof functionsandrelationshipghat are inherentlyextensional[Guarino
andGiarettal995]. ThusGrubers ontologyusessomethingextensonal to reason
aboutthe intensbnal meaningof the vocahulary usedto describea domain. A re-
sult of this problemis that what shouldbe describedasa differentsituaion, asa
kind of snapshotof aconceptualisatio, is calleda conceptualiation. For example,
let us considerthe previous conceptualisatin of the BlocksWorld: {{a, b, ¢, d, e},
hat , {on, above ,clea r,table }}. GeneseretndNilssm statethatthefunc-
tions andrelationsin their definition of conceptualisatin are extensioral entities.
Thus, in the exampleabove, the relationabove is just equalto the setof pairs
{(b,¢), (a,c), (a,b),(d,e)}. If adifferentarrangemenin the blocksis considered,
then,accordingto GeneseretlandNilssonwe arelooking at a nev conceptualisa-
tion, whereasGuarinoand Giaretta[Guarinoand Giarettal995] claim it is just a
new situaton, a new stateof affairs in the conceptualisatiomnd not a new con-
ceptualisatia altogether An ontology shouldconcentrateon the meaningwhich
is associatedo the extensonal relationsin a way which is independentrom the
particular stateof affairs.

It is importantto note at this point that thereis a distinction betweena different
situaton in the domainto conceptualisasopposedo a differentviewpointon the
domainto conceptualiseln factthereis no uniqueconceptualisabin of a domain,
but the samedomaincan be conceptualisediifferently accordingto a numberof
viewpoints from which we canconsiderthe domain. Whena conceptualisabin is
explicitly specified,it expresses viewpoint on the knowvledgeof a domain,or an

ontolagy. Thereforetheremightbeanontologyfor representinghecontentof each
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differentsourceof knowledge.

2.2.2 Guarino’sdefinition of ontology

Alternative definitionsof conceptualisatioaregivenby Guarinoin [Guarinoetal.
1994],[Guarino1998]. As menticmedabove, Guarinos view of conceptualisation
focusesontheintendedmeaningof therelationslinking objectsof the domain.He
renameshistypeof relation(whichareindependendnthesituaton of thedomain)
intensionalor conceptuatelatiors, andexpresseshemasfunctionsfrom possibé
worlds(in theKripke’s semanticacceptatioKripk e 1980]).
Intensionalrelationsare definedon a domainspace which is the pair comprised
of thedomainD andW the setof therelevant statesof affairs. Eachstateof af-
fairsrepresenta possitbe world. A conceptuatelationof arity n is atotalfunction
p* . W — 2P" thatis it associates possibé stateof affairs with a n-ary (ex-
tensional)relation on the domain. Eachconceptuafunction p hasa numberof
admissibé extensionswhich aredefinedby thesetE, = {p(w)/lw € W}. Based
on thesepreliminary definitions, he definesa conceptualisatiomsthe setof con-
ceptualrelationsdefinedon the domainspacethatis atriple < D, W, £ > where
R is the setof the conceptuatelationsdefinedon < D, W >. Eachconceptuali-
sationcorrespondso mary statesof affair of thekind describedy Geneserethnd
Nilsson,thatis mary structures< D, R> thatarethuscalledworld structues and
in particulara conceptualisatio shouldhave one structurefor eachworld, which
aretheintendedworld structuesaccordingto the conceptualisabin whichis being
described.

A conceptualisatin, as definedabove is basicallyan implicit processwhich just
identifiesthe objectsof the world and the interrelationstps linking them, but it
providesno meansto denotethem. Let us considera logical languagel, with a
vocalulary V. An interpretation function I associatean objector a relationshipof

thedomainwith atokenof thevocahulary, thatis, 7 : V — D U R. It isinteresting

Pagel8



Chapter? Theoreticafoundationsof ontolagies

to note herethat this definition provides only an extensionalinterpretationof the
objectsof the domainandthe relationshig linking them, in thatits startingpoint
is only aworld structure.In orderto have anintensioral interpretationwe have to
consideranintensioral interpretaion functionZ, which takesasa startingpointa
conceptualisatin, andthusthe structure< D, W, R >. 7 associatesa symbolof
thevocalulary V' with anelemeniof D U R. Thepairformedby the conceptualisa-
tion andtheintensioral interpretations the ontolagical commitmentThen,therole
thatanontologyplaysaccordingo Guarino,is providedby thefollowing definition
[Guarino1998,page4]:

An ontologyis a setof logical axiomsdesignedo accountfor the in-
tendedmeaningof avocahulary.

Fromthis definitionarisesherelationshp betweera conceptualisabn andtheon-
tology which specifiesandformalisesit. Both specificationand formalisatian are
basedon the choiceof a languageL (which is provided with a vocahulary V); L
is associateavith anontologicalcommiment(providing theintensonalinterpreta-
tion of the symlols of the vocalulary V), anontologyfor L is comprisef a setof
axiomssuchthatthe modelsderived from theseaxiomsarethe bestapproximatbn
of the setof thepossibleinterpretation®f L givenK (calledsetof intendedmodels
of L accordingto K).

The setof intendedmodelsis, accordingto Guarino[Guarino1998], only a weak
characterisatiof a conceptualisabin, one that excludessomeabsurdinterpreta-
tions, without describingthe real meaningof the vocalulary. This meanghatthe
specificatiorof the conceptualisabin by anontology asin Grubers definition,can

beobtainedonly in anindirectway. Therearetwo mainjustificationfor this:

1. anontologyis only approximatig a setof intendedmodels,

2. the setof intendedmodelsis only a weak characterisatiomf a conceptual-

isation becauset is impossble to reconstructhe ontological commitrent
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of alanguagdrom a setof its intendedmodels. In fact, anintendedmodel
cancorrespondo mary statesof affairs, with no oneto onecorrespondence,
andthisimpliesthatit is impossible,givenaconceptualisatiorp reconstruct
the correspondendeetweerthe possibé worldsandthe extensionarelations
thataregivenby the conceptualisabin. Thisis a problemwhichis common
to all the efforts for representingn somesymbolic way [Davis et al. 1993]

whatis attheknowledg level [Newell 1982].

Grubers definition is thus extendedby taking into accountnot only the concep-
tualisationbut alsothe languageusedto describeit andthe setof commitnents
associatedvith it. In this senseanontologyis language-dependewhile a concep-
tualisationis languagaendependentywhich constituesthe maindifferencebetween
ontologiesn Al andontologyin Philosophy

With the additionalnotiors givenabove Grubers definitioncanbereformulatedas

[Guarino1998,page5]:

An ontologyis the setof logical axiomsdesignedo accountfor the
intendedmeaningof avocahulary, i.e. its ontolagical commitmento a
particularconceptualisaon of theworld.

2.2.3 Other definitions

Grubers and Guarinos are not the only definitionsof ontolagies presentedn the
literature,althoughthey arethe mostused. In fact, eachresearchgroupworking
in the ontologicalfield hastried to clarify their view on ontologesandhave thus
endedup developing their own definitionof ontolagy. Clearly, thesedefinitionsde-
pendon thepurposegor which they have beendeveloped,but, despitesomeminor
differencesall the definitionsreferto the ontology asa comma understandingf
adomain,andthatimpliesthatit is arepositoryof vocalulary for theknowledgeof
adomain. Thevocalulary containsbothformal andinformal definitions. Someof

thesedefinitionsarenot definitionsin the propersenseof theterm, but describethe
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contentof anontolagy. Thefollowing areof thistype. BorsthasextendedGrubers

definition[Borst 1997,pagel?2]:

An ontologyis aformal specificatiorof a sharedconceptualisatio.

Studerandcolleagueiave merged Grubers andBorst’s definition, andhave pro-

videdanexplanationfor thetermsused[Studeretal. 1998,pagel85]:

An ontologyis a formal, explicit specificationof a sharedconceptu-
alisatilm. A ‘conceptualisationrefersto an abstractmodel of some
phenomenoin theworld by having identified the relevantconceptof

thatphenomenon'Explicit” meanghatthetype of conceptsised,and
the constraing on their useareexplicitly defined.... ‘Formal’ refersto

thefactthattheontologyshouldbemachine-readableShared’refleds
thenotionthatanontolagy capturesonsensudtnowledge thatis it is

not private to someindividual, but acceptedy a group.

Nechesandcolleaguesievelopedthefollowing definitionaboutwhatis definedby

anontolagy [Nechesetal. 1991,page40]:

An ontology definesthe basictermsandrelationscomprisingthe vo-
cahulary of a topic area,aswell asthe rulesfor combiningtermsand
relationsto defineextensiongo the vocahulary.

This definition statesclearly that an ontologyis not only describingthe explicit
knowledgeabouta domain,but alsothe knowledgethatcanbeinferred.
Therelationshp betweerontologiesandknowledge baseasbeenincludedin the
definitionboth by BernarasandcolleaguegBernara et al. 1996],andby Swartout
and colleaguedSwartout et al. 1996]. Bernarasand colleaguegBernaraset al.
1996,page298] have definedwhat a knowledgebaseprovideswhile designingan
ontolagy:

It [the ontology providesthe meandor describingexplicitly the con-
ceptualisabn behindthe knowledgerepresenteth a knowledgebase.
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SwartoutandcolleaguegSwartoutetal. 1996],onthe otherhand,have definedthe
contritutiongivenby anontology to thedesignof aknowledgebasgSwartoutetal.
1996,pagel]:

An ontologyis a hierarchicallystructuredsetof termsdescribinga do-
mainthatcanbe usedasa skeletalfoundationfor a knowledgebase.

Finally, ontologes can be classifiedinto lightweightand heavyweighbntologies,
dependingon the degreeof formality usedto expressthem. Hearyweight ontolo
gies are thosewhich are provided with axioms,inferencemechanisra aimedto
equipontolayieswith deductve power (e.g.,inheritance)andthatarecharacterised
by a high degreeof formality (e.g.,underlyingformal semantics)Lightweighton-
tologies,on the otherhand,arethoseontologesthatdefinea vocalulary of terms
with somespecificatiorof theirmeaningUschold1998].

Eachof the definitionspresentedbove highlights a specificaspecbf arole played
by ontolagies. All definitions,however, sharethe ideathat an ontolagy provides
a descriptionof a particularviewpaint abouta domainandthat sucha description
mustbeexplicit, in thatit statesavocahulary for thedomain,whichis expressedy
acertaindegreeof formality, andthatagroupcommisto usethevocalularyaccord-
ing to theintendedmeaningassociatedvith it in orderto communcate. Neverthe-
less thisagreemenits only superficial pecaus¢heword ontolagy canbeinterpreted
in differentwaysacrossthe definitions Someof the possibé interpretationshave
beenanalysedn [Guarinoand Giarettal995], wherethe authorsidentified seven
mostcommoninterpretationswhich are illustratedin Table 2.1. The definitions
presentedn Table 2.1 are substantilly differentin that someof themare defined
atthe semantidevel (definitions2 and3) whereathersreferto the ontology asa
concreteartifactat syntacticlevel, to be usedfor a given purposgGuarinoandGi-
arettal995]. Definition numberl refersto the philosophicaldiscipine of ontology
andthereforediffersin naturefrom the othersandit is discussedh Section2.5.

Thesadefinitionsform asortof continuumwhereatoneendthemainfocusis onthe
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1. Ontolayy asa philosghicaldiscipine;

2. Ontolaggy asaninformal conceptuabystem;

3. Ontolagy asaformal semantiaccount;

4. Ontolagy asaspecificatiorof a“conceptualisation”;

5. Ontolagy asarepresentationf a conceptuasystenvia logical theory

(a) characterisethy specificformal properties;

(b) characterisednly its specificpurposes;
6. Ontolagy asthevocalulary usedby alogical theory;

7. Ontolagy asa (meta-level) specificatiorof alogical theory

Table 2.1: Interpretation®f the word “ontology”
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semantic®f the knowledgedescribedandso, thesearethe definitionsthatcanbe
referred to by the notion of conceptualisabn asin [Guarino1998]andillustrated
in Section2.2.2)while at the otherthereare more syntacticorientednotions,like

logical theoriesor knowledgebases.

2.3 Modelling primit ives

Beforeproceedindy illustratingthedifferenttypesof ontologiesve introducehere
the conceptuaprimitivesthatcanbe usedwhenknowledgeabouta domainis for-
malisedin anontology. Theaim of this sectionis to helpclarifying theterminology
thatis usedin theremainderof thisthesis.
In [Gruber1993] and after [Geneserettand Nilssan 1987] ontolayy is definedas
thequintupk:

(C,Z,R,F,A)

where:

C isthesetof theconceptsthatis the setof theabstractionsisedto describe

the objectsof theworld;

7 is the setof individuals,thatis, the actualobjectsof the world. Theindi-

vidualsarealsocalledinstarcesof theconcept;

R is the setof relationshipgdefinedon the setC, thatis, eachR € R isan
orderedn-pleR=(C; x Cy x --- x C,). For examplesubconc ept-of s

thepair (C,, C.), whereC, is theparentconceptandC, is thechild concept;

F is the setof functionsdefinedon the set of conceptsand that returna
concept. Thatis, eachelementF € F is afunctionF: (C; x Cy x --- x
C,_1 — C,). For example,the function Price-of-  flat is function of

theconceptsrear , Location andNumber-of -square-m etres , and
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returnsa conceptPrice , thatis Price-o f-flat : Year x Locati on

x Number- of-square -metres > Price ;

o A: setof axioms thatis first orderlogic predicateshatconstrairthemeaning

of conceptsrelationshig andfunctions.

Someof thesecomponerg have necessarilyo bein anontolog. For exampk, few
ontolggiesincludealsoinstances.In the ontologiesmodelledin this thesiswe do
not considerneitherinstancesor axioms(which are out of the scopeof this re-
search).

The simplesttype of ontology is composedy the setof conceptL andthe rela-
tionshps R (lightweight ontologes), althoughthis limits the knowledgethat can
be expressedaboutthe domain Conceptsare also called classes Conceptsand
instancesaandare usuallyhierarchicallyorganisedn an Is-a hierarchy which per
mits, whenit is a strict relationshp (in the mathematicakense)jnheritanceto be
exploitedin the structure thatis if A is anancestoof B (denotedoy A — B) and
B — Cthen,A — C. Whenontologesincludealsothe contentconcerningground
individualsandtheir relationshipswith the conceptghey instantate, thenthe no-
tion of inheritancas extendedo instancesndit is calledtheinstarcerelation The
Is-arelationship alsocalledthe subclasgelatiorship, is notthe only onethatcan
be definedon concepits.

Conceptscan be definedin termsof characteristideaturesdescribingthem, that
arecalledattributes If the conceptsareorganisedn a Is-a hierarchy thenthein-
heritances extendedalsoto attributes. Attributesare sharedoy conceptitherin
their original form or modifiedin orderto give theinheriting class,known alsoas
subclassa morerestrictve definitionthanthe one provided by the parentconcept.
Furthermoreotherpropertiescanbe addedo form morespecialisecconcepts.
Anomaliesarisingfrom inheritancemechanism$ave beenillustratedin the liter-
ature ([Brachman1985, Touretzky 1986]), where a distinction is madebetween

singleandmultiple inheritance The former permitsa conceptto inherit attributes
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from oneparentonly andcancausedefaultconflicts while the latter permitsa con-
ceptto inherit propertiesfrom morethanone parentandcancausenconsistencies
in inheritedattribute values. In particular Touretzky hascharacterisedhe prob-
lemsthat canarisebecauseof inheritanceinto a patternof nonmonoonicity, and
distingushedthreemain categories,which are: the so-calledTweetytrianglepath,
the cautionsmonobnicity (alsocalledthe Clyde-level skip), andthe pathin caseof
multiple inheritanceof positive andnegative reasongalsoknown asNixon diamond
path)[Touretzk/ 1986]. In orderto solve theseproblems,Touretzlky introducedhe
notionof inferentialdistancewhich proved suitableto dealwith thefirst two types
of path.

In [Carpentel993],defaultvaluesaredefinedasawayto deducenformationabout
aconceptjf theinformatian is consistentvith whatis alreadyknown aboutthecon-
cept.Reasoningboutdefaultscanbecomesxtremelyproblematt whenonly strict
inheritanceis allowed, thatis whenthe IS-A link amountsto logical implication
or setinclusian. Then,morespecificinformation cannotoverrule informationob-
tainedfrom more generalclasseghus causingwrong conclusiongo be inferred.
A defeasild approacHTouretzly 1986] permitsthe more specificinformationto
overrulethe moregenerainformation thusresolvingthe conflict.

In somecasest might be usefulto introducethe distinction betweenconceptsand

role. Accordingto Sava, [Sowa 2000,page80]:

arole characteriseanentity by someroleit playsin relationshipto an-
otherentity. ThetypeHumanBeingfor example,is aphenomenatype
thatdepend®ntheinternalform of anentity; but the sameentity could
be characterisetdy therole typesMother, Employee,or Pedestrian.

Rolesarealsodefinedin DescriptionLogics [Borgida1996], wherethey areinter-
pretedasbinaryrelationsbetweerobjects.

Dependingon the expressve power requiredfrom the applicationthat needsthe
ontologywe might apply all theseconceptuaprimitives. However, a carefulcon-

ceptualanalysisis neededo understandvhich primitivesto useand how to use
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them,for exampleto decidewhenan objectis to be modelledasa conceptor asa

role.

2.4 Differenttypesof ontologies

The ontologiespresentedn the literature can be classifiedaccordingto different
dimensons,which rangefrom thelevel of generalityof the conceptshey describe,
to the type of knowledgethey model(be it relatedto the domainor the task). In
this sectionwe presenthe mostcommonlyusedclassification®f ontolagies. The
overview presentedh this sectionis by no meansxhaustve, we have choserthose
classificationghat arerelevantto the topic of the thesisandthatarereferrel to in
thefollowing chapters.

Thefirst dimensim that canbe usedto classifyontologyis the level of generality
thatis usedin thedescriptiorof adomain.It is possibé to distingushthefollowing

typesof ontologes[Guarino1998]:

e Top-leve ontolaggies:thiskind of ontolagy describesery generakonceptor
comma-sense&knowledgesuchasspace time, matter object,event, action,

etc.,which areindependenof a particularproblemor domain.

e Domainontologes:this kind of ontologydescribeshe vocahulary relatedto

agenericdomainsuchasmedicineor physcs.

e Taskontologes: this kind of ontology describeghe vocalulary relatedto a

generictaskor actvity suchasdiagnoss or selling.

e Application ontolagies: this kind of ontologydescribesonceptdepending
bothonaparticulardomainandon a particulartask. They areoftenaspecial-
isationof bothdomainandtaskontolayiesandcorrespondo therolesplayed

by domainentitieswhenthey performcertainactuities.
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Van Heijst and colleaguegroposeto classifyontologes accordingto two dimen-
sions,which arethe amountandthe typeof strucure of the conceptualiation and

the subjectof the conceptualisabn [vanHeijstetal. 1997].

e Amount andtype of structureof the conceptualisatio. This dimenson is
mainly concernedvith the level of granularityof the conceptualisatiomand

thuscanbesubdvidedinto:

— Terminolodcal Ontologes: theseare not strictly speakingontologies
but just lexiconsthat specify the terminology which is usedto repre-
sentknowledge in the domainof discourse.They do not representhe

semantic®f theterms;

— InformationOntologes: they specifythe recordstructureof databases
(for example,databaseschemata).They provide meansto recordthe
basicobsenationsconcerningnstance®f the databasejut they do not

definethe conceptghatareinstantiatey theseinstances;

— Knowledge Modelling Ontologies: they specify conceptualisatiogof
knowledge.They arestructurallyricherthanknowledgemodelling on-
tologies and are often specifiedaccordingto a particular use of the

knowledgethey describe;

e Subjectof theconceptualisationThis dimenson concernghetypeof knowl-
edgethat is modelledin the ontolagies. Four categoriesare distinguished

alongthisdimension:

— ApplicationOntolagies: specifythoseconceptghatarenecessarin or-
derto modeltheknowledgerequiredfor aspecificapplications. Usually,
applicationontologesspecialiseéermstakenfrom moregenerabntolo
giessuchasthedomainandthe genericontologiesdescribedelov and

may extendgenericanddomainknowledgeby representingnethodand
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task-specificomponentsApplicationontologesarenot reusablethey
reuseknowledgewhichmaybemodelledn ontologylibrariesby tuning

it for the specificapplication at hand;

DomainOntologes: specifythoseconceptghatarespecificof a partic-
ulardomain.Knowledgeengineersiraw aline betweerdomainontolo-
giesanddomainknowled@, wherethe former hasontologcal nature
andthelatterepistemic.Domainknowledgedescribegactualsituatons
in certaindomainsvhereaslomainontolagiesspecifytheconstraintgo
applyonthestructureandthecontentof thedomainknowledge. But the
distinction betweenwhatis ontologcal andwhatis episteméngical is
quite subtle,andthereforesucha line oftencannotbe dravn too neatly

This pointis furtherdiscussedn Sectior4.3.1;

GenericOntologies:specifyconceptshataregenericacrossnary fields.
Conceptsn the domainontologes may specialisehosein the generic
ontologesin orderto tunethemto a particulardomain.Genericontolo-
gies correspondo the top-level ontologesin Guarinos classification
presentedabove; they typically defineconceptdik e state,event, pro-

cessaction,etc.

Representatio®ntologes: explicateconceptualisatinsunderlyingknowl-
edgerepresentatioformalisms.They provide arepresentationdtame-
work without makingclaimsabouttheworld, becaus¢hey aremeantto
beneutral with respecto theworld. Domainandgenericontologesare
describedy meansof the primitivesgivenin therepresentationntolo-
gies.A typicalexampleof representationntologiess the FrameOntol-
ogy of Ontolingua[Farquharetal. 1997],which providesthe primitives

to usefor building domainontologes.

Ontologesdiffer alsoin thedegreeof formality by which thetermsandtheirmean-

ing areexpressedn the ontology asin [UscholdandGruninger1996]. Here,the
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knowledgeexpressedn the ontology might be the same but they differ in theway
in whichit is expressed.

In discussig how formally ontologiesare describedjt makeslittl e senseto talk
aboutcatayories because¢hedegreeof formality is betterthoughtof asa continuum

ratherthana setof classesNeverthelessye cansetfour pointsin this continuum

e Highly informal: arethoseontologiesexpressedn naturallanguage.Term
definitionsmight be ambiguais dueto the inherentambiguty of naturallan-

guage;

e Semi-informal:theseontologiesare expressedn a restrictedandstructured
form of naturallanguageRestrictingandstructuringnaturalanguagechieves

improvementin clarity andreductionin ambiguty;

e Semi-formal:itheseareontologiesexpressedn artificial languagesvhichare

formally defined,suchasOntolingua[Farquharetal. 1997];

e Rigorouslyformal: theseare ontologes whosetermsare preciselydefined
with formal semanticstheoremsand proofs of desiredpropertiessuchas

soundnesandcompleteness

Along the sameline, McGuinressin [Lassilaand McGuinness2001] “classifies”
ontologieson the groundof their expressienessthatis, on the groundsof the in-
formationthat the ontology needsto express. In fact, dependingon the different
typesof interpretatiorwhich areassociateavith theword ontolagy (assummarisd
in Table2.1), we candistingush betweenessor morecomple notiors of ontolo
gies, which may rangefrom a controlled vocalulary, to a glossay, to reach,at
the otherend of this spectrumpontologieswhich alsoprovide generallogical con-
straintssuchasdisjointnessjnverse partof, etc. The points they distinguishin the

spectrumare:
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e Controlledvocalularies: a vocalulary is the simplestpossiblenotion of on-
tology, thatis a finite list of terms. A typical exampleof this cateyory are
cataloguesindeed,catalogueprovide termswith anunambiguasinterpre-

tation,but nothihg more;

e Glossaries:they are a list of termsandtheir meanings. The meaningsare
usuallyexpressedn naturallanguagestatemerg which are chiefly aimedat
humans. Thesestatementshowever, areambiguousand cannotbe usedby

compuer agents;

e Thesauri:addto glossarieshe semanticemeging from thedefinitionof the
relationsbetweerterms,suchasthesynorym relationship Typically, they do
not provide an explicit hierarchicalstructure,althoudn this canoften be de-
ducedby broaderor narraver term specifications.Therelationshipgdefined

in athesauruganoftenbeinterpretedunivocally by acomputeragent;

e Informal Is-a hierarchies:this cateyory includesmary of the ontologieson
theweh Theseareontolagieswherea generalnotion of generalisatiorand
specialisatinis providedalthoughit is notstrictsubclassierarchy A typical
exampk is Yahoo! which providesa small numberof top-level cateyories,
but doesnot provide anexplicit hierarchicaktructure andits hierarchyis not
a strict subclasof the Is-a hierarchy In hierarchieghat are not strict Is-a
hierarchiest is not alwaysthe casethat aninstanceof a morespecificclass
is necessariljaninstanceof a moregeneraklass thereforeinheritancgwith

or without exception$ cannotbe assumedhere;

e Formal Is-a hierarchies:theseare ontologieswhereconceptsare organised
accordingo astrictsubclassierarchy Thus,for theseontologesinheritance
is always applicablebecauset is alwaysthe casethatif a conceptC' is a
superclas®f the conceptC’, thenary subclasof C mustnecessarilybe a

subclas®f C’. Theseontologesincludemayonly classnames;
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e Formalinstancesontologiesincluding formalinstancerelationsareanatural
extensionof ontologiesenforcinga stricthierarchicaktructure Indeed,some
classificatiorscheme@cludeonly classnamesaswe have pointedoutwhen
discussingstrict subclassierarchies.Whenformal instancerelationshold,
the ontolagies include also the contentconcerninggroundindividuals and

their relationshpswith the conceptghey instantate;

e Framegdescriptionof conceptproperties):theseareontologeswhosecon-
ceptsaredescribedn termsof their characteristiqroperties.For exampk,
a conceptBook might be describedn termsof featureslike title, author
publisheretc. Theinclusionof propertiesn theconcepdescriptiorbecomes
moreinterestig wheninheritancecanbeappliedto thesepropertiesandthus
propertiescanbe specifiedfor amoregenerakconcepiandbeinheriteddown

the hierarchyby morespecificconcepts;

e Valuerestriction: theseontologes permitto apply restrictionson the values
associatedavith properties.For example,in describingthe conceptBook we
might restrictthe valueto associatewith the propertyAuthor to be com-
posedof maximum two names.Theserestrictionsareusuallyto beinherited
by the sub-concept®f the conceptwherethey are statedfor the first time,
which clearly posesa problemwhen the type of hierarchicalrelation sup-

portedby the ontology is nota strict subclasselation;

e Generalogical constraintstheseontologiesarethosewith therichestexpres-
sivenessor example,propertiesmight be basedon mathematial equations
which usevaluesfrom other propertiesor propertiesmight be expressedas
logical statements.This type of ontolagy is usuallywritten in very expres-
sive ontology languagessuchas Ontolingua [Farquharet al. 1997] which
permitthe specificatiorof first orderlogic constraintson conceptsandtheir

properties.
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Generallyspeakingwe canrecognisea numberof propertieghatshouldbe appli-
cableto ontologes,althoughthereis a differencein the extentto which they apply.
In thisthesiswe take theview of LassilaandMcGuinnesgLassilaandMcGuinness
2001]andweassumehatthepropertiesn Table2.2holdfor anontologyapartfrom
thoseconcerningaxioms sincethis thesisdoesnot dealwith axioms.

To completethediscussio presentedh the previoustwo sectionsve concludewith
a quotefrom the SRKB (SharableRe-usabld&knowledge Bases)mailing list which
is reportedin [Uscholdand Gruningerl1996]. This quotesummarisesjuite nicely
the natureof ontolagies, the variouswaysthey canbe expressedandthe context

wherethey canarise.

Ontolagies are agreement@about sharedconceptualisatios. Shared
conceptualisatins include conceptualframeavorks for modelling do-
mainknowledge;contentspecificprotocolsfor communcationamong
inter-operatingagentsandagreementabouttherepresentationf par
ticular domaintheories. In the knowledge sharingcontet, ontolo-
giesarespecifiedn theform of definitionsof representationalocalu-
lary. A very simplecasewould be a type hierarchy specifyingclasses
andtheirsubsumpon relationshipsRelationaldatabasschematalso
sene asontolayies by specifyingthe relationsthat can exist in some
shareddatabasendtheintegrity constraintghatmusthold for them.

2.5 Formal Ontologiesand philosophical issues

In this sectionwe presenta brief overview of the philosophicalbackgroundrom
which stemsa particularbranchof the ontologcal researchnamelyformal ontol-
ogy.

Investgationsconcerninghe natureof being,andthusontolagy, constituesanim-
portantissuein philosoply. Theoverview we presenhere thereforejs farfrom be-
ing exhaustve, but aimsonly to provide the foundatimsfor the issuesnvesticated

by formal ontology A morethoroughillustration of the philosophicalbackground
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1. Finite, controlledextensble vocahulary;
2. Unambiguousnterpretatiorof classeandtermrelationshps;

3. Stricthierarchicakubclasselationshipbetweerclasses;

Furthermorethe following propertiesmay hold andwe considerthemtypical al-

thoughnot mandatory:
4. Propertyspecificatioron a perclassbasis;
5. Individual inclusionin the ontology;
6. Valuerestrictionspecificatioron a perclassbasis;

Finally, the following propertiesare neithermandatorynor typical but might be

desirable:
7. Specificaion of disjointclasses;

8. Specificdion of arbitrarylogical relationshipdetweerterms;

Table 2.2: Propertieapplicableo ontologesaccordingo LassilaandMcGuinness
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of theontologcal discipine is givenby JohnSowa in [Sowa 2000]. Herewe men-
tion only the conceptghatarefurtherinvestgatedin the context of thisthesis.

Thefirst notionof ontolagy asphilosoghical discipine datesbackto Aristotle who
definedit asthe scienceof beingas sud, therefore,insteadof concentratingon a

classof beingsasspecialisticsciencespntology studes[Aristotle b]:

all specieof beingquabeingandtheattributeswhich belongto it qua
being.

Therefore,in Aristotle’s view, ontology is the disciplinewhich triesto give anan-
swerto questims suchasWhatis being? Sucha questionmight seemout of the
scopen anartificial intelligencecontext, but it becomesnorerelevantwhenrefor-
mulatedasWhatare the propertiesthat canbeascribedto a thingin orderfor it to
be consideedbeing?Aristotle [Aristotle a] answeredhe questiorby developing a
systenmof categyoriesfor classifyinganythingthatmaybepredicatedaboutanything
in theworld. The emphasesf this categyorisation wason the physicalworld to be
consideredisthe ultimatereality, andsosensoryexperienceasreactionto external
stimuli wasabstractedhto intangble andunchangingnathematicalormsor ideas
Thecatagorisationproposedy Aristotle hadbeenwidely acceptedintil Kant[Kant
1965] presented first major challengeto suchsystem.In devising his cateyorisa-
tion systemKantemphasisethatanumberof conceptxouldbeassociated priori
with objects,andthatthe numberof theseconceptsorresponds$o the numberof
the possibé logical functions.Kant developed his own systemof categorieswhich
wasmeantasa framework for organisirg the Aristotelian cateyories. This frame-
work was organisedinto four classesgachof which presentinga triadic pattern.
Kant'swork becamea sourceof inspirationfor the Germarphilosopherswhotried
to find anexplanationfor thetriadic patternof his cateyories.

Amongthosewho have beeninfluencedby Kant's work, althoughindirectly, there
is Husserl,who introducedthe notion of formal ontology. Husserlcriticised the

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

Unity Reality Inherence  Possibiity
Plurality Negaton Causality  Existence
Totality Limitation Communiy Necessity

Table 2.3: Kant’s systemof cateyories

on the symbolsused,and proposed logic of ideal contentin which he identified
six topicsof interestthatis: meaningandexpressiongenusandspeciespartsand
wholes the role of grammarin combiningmeaningsintentionalexperiencesand
their contents andfinally knowledg in termsof meaningintentionand meaning
fulfillment

In particular in [Husserl1982]heemphasisetherole of intentionality in directing
attentionto an objectof perceptiorand namedthis directionof investigation phe-
nomenolgy.

As partof hisinvedigationin phenomenolgy he distingushedthe conceptof ma-
terial ontolagy, which roughly correspondso the notion of an ontolagy (in the Al
sense)n a specifictopic (suchas, for example,law asopposedo biology) from
the oneof formal ontolagy, which correspondso Aristotle’s ontology Therefore,
the conceptof formal ontology is quite closeto thatof top-level ontolagy in Guar
ino’s classificatioror geneml ontology in VanHeijstandcolleaguestlassification,
thatis ontologesthat describeconceptsso generalthat they are sharedacrossall
domains.Thetaskof formal ontologyis to determineunderwhich conditionspos-
sibility appliesto anobjectin generalindwhataretherequirementshathave to be
satisfiedby the way the objectis constituted.

More recentlyCocchiarellajn [Cocchiarellal991],definedformal ontology asthe
systematicformal, axiomatc developmenbf the logic of all formsand modesof
being Thereis no agreemenbn theinterpretatiorof the definitionof formal ontol

ogy andit is still unclearhow Cocchiarellas definitionrelatesto Husserls work on
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formal ontolagy. However, Cocchiarellas definition nicely reconcileghe possible
interpretationf formal as both rigorous and concernedwith the formsof being
Accordingto Guarinoand Giaretta,formal ontolagy is not so concernedwith the
existenceof someobjects,aswith therigorousdescriptionof their formsof being
thatis their structuralfeatures.

In thisview we cansaythatformal ontologyis thetheoryof the distinctions,which

canbeappliedindependentlyf the stateof theworld, thatis:

e distinctionamongthe entities of the world (phystal object, evens, regions,

etc.),and

e distinction amongthe meta-lerdl categorieswhich are usedto model the

world (conceptproperty role, state etc.).

Basedon the previous notion of formal ontolagy, Guarinoand Welty [Welty and
Guarino2001] have developeda formal ontolagical analysismethodobgy called

OntoCleanwhich we introducein thefollowing subsection.

2.5.1 Formal ontological analysis

OntoClearis amethodobgy for the evaluaton of ontolagyical decisionghatmakes
full useof the formal propertiesof ontology concepts.A full descriptionof this
methoddogy canbefoundin [Welty andGuarino2001].
OntoClearprovidesmeango evaluateontologiesouilt with knowledge engineering
methoddogies,suchastheoneby UscholdandGruningerfUscholdandGruninger
1996] and Methonblogy [Gomez-FRerez1998]. OntoCleanusesformal ontologi-
cal toolsthatcanhelpto verify thatthe taxonome structurebuilt usingone of the
aforementionednethodobgiesdoesnot presentinconsisenciesandis little or not
tangled.Thetaskof theformal ontolagicalanalysids to establistwhatarethe onto-

logical propertieghatconstrainthewayin whichtherepresentationagdrimitivesare

Page37



Theoreticafoundationsof ontologes Chapter2

usedto modelthe domain[GuarinoandWelty 2000c]. The formal propertiespro-
posedin OntoCleanfocus particularlyon conceptsandthe propertiesof concepts
do not explicitly contributeto determinewhich formal propertieshold. Thereason
why suchconstraintsareneededs thatwhenmodelling a domaintherearea num-
berof waysof modelling the sameknowledge, andthe choiceof oneapproactover
theothersis left to the experienceandthe backgroundknowledgeof the conceptual
modeller GuarinoandWelty focusonthe basicnotionsandtheoriesdervedby the
philosophical investgationto drive themodeling efforts.

In particular Methonblogy and OntoClearare complemerdry methodologes. In
fact, Methonblogy providesthe guidelinesfor building or re-engineeringntolo
gies,whereasOntoClearcanbe usedeitherin thevalidationstep(whenontologies
are engineeredr restructured)r simulaneouslywith the ontology construction
(whenontologesarebuilt from scratch).Indeed,OntoCleancanassistknowledge
engineersn building the classificationtreewhich is the objectof Methontolay’s
conceptualisatiorphase. Thesetwo methodobgies are currently undegoing an
integration procesgFerrmandez-lbpezet al. 2001] as part of the actiities of the
OntoWeb specialinterestgroup on Enterprise-staratds Ontology Environments
(SIG’'shomepage:http://de licias.di afiupm. es/ ontow eb/sig-
tools/ind  ex.html ).

The formal tools of ontologcal analysisare somebasicnotionsof formal onto-
logical propertieghathave beenan objectof studyin philosoply for centuries By
establishingvhichof thesepropertiesholdswe cancheckwhetherthechoicesmade
in modelling the conceptsncludedin the ontology andin structuringthe concepts’
hierarchyaresound.

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

essenceaunity, anddependence

IDENTITY: ldentityis thelogical relationof numericalsamenessn which a thing

stand=nly to itself. Basedon theideathateverythingis whatit is andnotanything
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else,philosoply hastriedfor alongtimeto identify thecriteriawhich allow athing

to beidentifiedfor whatit is evenwhenthe samethingis cognisedn two different
forms, by two differentdescriptionsand/orat two differenttimes[Wiggins 1967,
Hirsch 1982]. This compriseshoth aspectof finding constitdive criteria (which

featuresa thing musthave in orderto bewhatit is), andof finding re-identification
criteria (which featurea thing hasto have in orderto be recognisedassuchby a
cognitive agent).Thesearedistinct, althoughequallyimportantaspect®f identity.

Although the problemof identifying whatfeaturesanentity shouldhave in orderto

bewhatit is andrecognisedssuchhasbeencentralto philosopy, it did not have

thesamempactin conceptuamodelling andmoregenerallyAl. Oneof theclaims
of theOntoCleammethodolog thatwe subscribeo totally is thattheability of iden-
tifying individualsis centralto the modelling processWe canfurtherelaboratehis
pointby observinghatis notthe mereproblemof identifying anentity of theworld

thatis centralto the ontologcal representatiof the world, but the ability of re-

identifying an entityin all its possibleforms or moreformally re-identificationin

all the possilbe worlds!. Thatis, the problemis relatedto distinguishirg a specific
instanceof a conceptfrom its siblings onthe basisof certaincharacteristic proper

tieswhich areuniqueandintrinsc to thatinstancein its whole.

This notionis, of courseinherentlytime dependentsincetime givesriseto a par

ticular systemof possibleworldswhereit is highly likely thatthe sameinstanceof

a conceptexhibits differentfeatures’. This problemis known asidentity through
change, aninstanceof a conceptmay remainthe samewhile exhibiting different
propertiesat differentinstantsof time. Thereforeit becomesmportantto under

standwhichfeatureor propertiecanchangeandwhich cannofGuarinoandWelty
2000a],andwe mayaddalsothesituationghatcantriggersucha change.

If we reformulatethe identity problemasre-identificatian we realisethat alsore-

ISomephilosopherse.g. Lewis [Lewis 1998, page 39 ff], hold thatthereis no suchthing as
trans-vorld identity, althoudh objeds in oneworld canhave courterpartsin otherworlds.

2Herethe counteparttheorydoesnot hold, andsoidentity throughtime is alwaysaccepted
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identificationis affectedby time; how canwe re-identify the sameinstanceat dif-
ferentinstantof times?

We facethere-identificationproblemin everydaylife; we areableto recognisehe
featureghatpermitsto distingush aninstancerom the others andwhenthesefea-
turesarenotintrinsic to the instance,we ‘attach’ artificial featuresthat permitto
establishidentity. Oneexampk is the StudentD, which is assignedo university

studentsin orderto identify the studentunivocally.

UNITY: thenotionof unityis oftenincludedin amoregeneraliseaotionof identity,
althoughthis two notionsare different. Kant [Kant 1965] includedunity in his
primitive cateyoriesdescribingquantity (seeSection2.5 above). While identity
aimsto characterisevhatis uniquefor anentity of theworld whenconsideredsa

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

distingushing the parts of aninstancefrom the restof the world by
meansof a unifying relation that binds them together(not involving
arnythingelse).

For exampk, thequestiorls thismy car?’ representaproblemof identity, whereas
thequestion'ls the steeringwheelpartof my car?’ is a problemof unity. Also the
notion of unity is affectedby the notion of time, canthe partsof an instancebe

differentat differentinstantsof time? This problemis alsoknown asindividuaion.

ESSENCE: Thenotionof essencés strictly relatedto the notionof necessityKant
1965]. An essentiapropertyis apropertythatis necessarfor anobject,or, in other
words,apropertythatholds,thatis truein everypossiblevorld [Lowe 1989]. Based
onthenotionof essenceGuarinoandcolleaguegGuarinoet al. 1994] have intro-
ducedthe notion of rigidity, to representhe strict connectionthat thereexist be-
tweentime andmodality[Kant 1965],[Kripke 1980]. A rigid propertyis aproperty

thatis necessaryo all instancesthatis aproperty¢ suchthat: Vz¢(z) — O¢(x).
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In [Tammaand Bench-C@on 2001a, Tammaand Bench-Capor2001b]we have
highlightedhow the notion of rigidity dependson that of time andmodalit/; more
recentlyGuarinoandWelty have extendedthe definition of rigidity by formalising
thisrelationshipsoarigid property¢ is suchthatd (Vx, to(x,t) — O Vi'd(x,t')).
It isimportantnotto confusemodalnecessityith temporajpermanenceModal ne-
cessitymeanghatthepropertyis true,in every possble world, time is undoubably
onepartitionof theseworlds, however time permanenceneanghatthe propertyis
truein thatworld (time), with noinformationconcerninghe otherpossibleworlds,

andthis mighthapperby purechance.

DEPENDENCE: Husserlintroducedthe distinction betweendependencandinde-
pendencéHusserl1982]. In the OntoCleammethodolog the notionof dependence
is consideredelatedto properties.In this context dependencpermitsusto distin-
guishbetweenextrinsic andintrinsic propertieshasedon whetherthey dependor
noton objectsotherthanthe onethey areascribedo. Intrinsic propertiesarethose
characterisingnherentlyan object, andthey do not dependon ary other object.
Extrinsic propertiesare usuallyassignedy someexternalagent,andthusare not
inherent.Intrinsic propertiesaregoodcandidateso becameadentity conditiors as
long asthey univocally identify an object;whenthey do notthenextrinsc proper
tiesmaybeassignedn orderto identify the objectunivocally.

Thesefour notionsarefurtherdiscussedn Chapter4, wherethey arerelatedto the
ontolagy modelthatis themaincontrikution of thisthesis.

In theOntoClearmethodobgy theseormal propertiesaareusedo improvethetaxo-
nomicstructureof theontology, but theirimportances not confinedto constraining
the useof subsumpbn in hierarchiesasthey arealsoextremelyusefulin under
standingwhich modeling primitivesaremostappropriatgor the domainto repre-
sent. For example,in modelling the entity of the world student we might have
to decidewhetherthis is a conceptor arole. By applyingthe formal 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. One of the conditionsfor an
objectto bearoleis thatit is notrigid, sostudent is morecorrectlymodelledas
aroleandnotasaconcept.

The mainlimitationof OntoClearnis thatit doesnot take into accountconceptde-
scriptionsin orderto assignformal propertieswith concepts.Besidesjt is mainly
basedntheknowledgeengineersunderstandingf a conceptandthusis notvery
objectie.

The main goal of this thesisis to provide a setof meta-propertiegor attributes
which provide a bettercharacterisationf attributesandtherole they play in defin-
ing a specificconcept.Thesemeta-propertiesyhich we presentanddiscussmore
in detailin Chapter4, are Mutability , Mutability Frequency, Event Mutability ,
Reversible Mutability , Modality,, Prototypicality, Exceptionality, Inheritance,
Distinction. This setof meta-propertiesot only providesa characterisationf at-
tributesthat providesthe conceptof a richer semanticdut they alsocanbe used
to complemenbntoclean,n thatthey canbe usedto guide knowledgeengineers
in determiningdentty, rigidity, andidentity conditions Thesemeta-propertiesan
alsobeusedto disambiguat the meaningof conceptghatseemsimilar but areac-
tually different. Indeed,conceptshave to be consideredsimilar if they showv the
sameproperties(attributes) and theseshowthe samebehaviourin the concepts
definition. We will examinethe problemof assessingonceptssimilarity andthe

problemsthatcanhindersuchprocessn next Section.

Paged2



Chapter 3

The role of ontologiesin knowledgesharing
andreuse

3.1 Intr oduction

In Chapter2 (Section2.2) we have introducedthe concepiwof ontolagy andthe dif-
ferentmeaningshatthisword hastakenin theliterature from thephilosophicalone
thatdatesbackto Aristotle to themorerecentmeaningsssociateavith thewordin
thefield of Artificial Intelligence.

In thischaptemwe focusourattentionontherole playedby ontologesin knowledge
sharing.The adwanceson the Internethave madeit availablea large numberof di-
verseknowledgesourcesvhosecontentmodelsa particularviewpoint concerninga
domain.Their contentneedgo bereconciledandcombinedn orderto getaricher
understandig of adomainandto addvalueto the diverseknowledgesources.
This chapterpresentsan overview of knowledgesharingandreuseandfocuseson
the roles that ontologes play in this context. We hereillustrate the diverseap-
proachegpresentedn the literatureandwe sketcha novel proposaffor knowledge
sharing,namelyontolagy clustering which motivatesthe ontology modelthatis an
objectof thisthesisandthatis presentedn next chapter

The structureof this chapteris the following: Section3.2 illustratesthe knowl-
edgesharingproblem,Section3.3 introducesandclarifiesthe terminolay we use
throughait the chapter while Section3.4 discussesgentarchitecturesor knowl-

edgesharing.Section3.5 presentanoverview of thedifferenttypesof heterogene-

Page43



Therole of ontologesin knowledgesharingandreuse Chapter3

ity thatcanaffect knowledgesourcesSection3.6 presentshedifferentapproaches
to knowledgesharingandthe rolesplayedby ontologies;the differentapproaches
are analysedn following sub-sections.Section3.7 presentsa novel approacho
knowledge sharingbasedon an hierarchicalstructureof multiple sharedontolo
gies, eachpermitting the sharingof knowledge at differentlevels of abstraction.
This novel approachis basedon the ability of assessingemant similarity among
conceptdbelongingto differentontologies Differentmeando assessemanticsim-

ilarity areillustratedin Section3.7.3.Finally, we draw conclusions

3.2 Knowledgesharing and reuse

Thelastdecadéhasseena deepchangen the way intelligentsystemsarebuilt. It
hadalreadybeenrecognisedhatcapturingknowledgewasthekey to building large
andpowerful intelligentsystemsandmary toolswereprovidedto assisknowledge
engineersn the differentactvities involvedin building suchsystems.Knowledge
acquisition thatis the processof collectingknowledge from a humandomainex-
pertandformalising it, hasprovedto be extremely comple< andtime consuming
(knowled@ acquisitian bottlene&). Acquiring andformalisingknowledgecanse-
riously hamperthe building from scratchof very large knowledgebasesalthough
it could be noticedthat, whenbuilding knowledgebasesgvenfor very diverseap-
plications(suchasmedicineor electronicstherearesomegenerainotiors thatare
commonacrosshe domains For examplebothmedicineandelectronicssharethe
notionof diagnoss, althoughatavery generalevel.

A possibé approachto this problemis to try to isolatethe knowledgecomponents
which are sharedacrossdifferentdomainsand representhemin a way general
enoughsothatthey couldbereusedn differentapplicationsfollowing the similar
approachn softwareengineeringThiswastheaim of the ARPA KnowledgeShar
ing Effort [Necheset al. 1991]which proposedan approachn which knowledge

sharingwasubiquitaus,andthe proces®f building anew knowledgebasereliedon
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thereuseof knowledgecomponents

Thetermsharingdenotesharingoy multiple personsacrossnultiple applications,
andin multiple contets. In someapplicationsthe term compriseshe meanings
sharirg, reuse andexchangg, eachof which mayhave aspecifictechnicaimeaning.
In particular by reusewe meanthe useof knowledgeby oneor moreapplications
at differenttime; by sharingwe intendthe useof the sameknowledgeby multiple
applicatiors at the sametime, while by exchange we referto the copying of infor-
mationfrom oneapplicationto another Sharing,reuseand exchangeare strictly
intertwined. Indeed,explaining how to reusea componenbftenrequirescommu-
nicating subtk issuesthat are more easily expressedormally; theseexplanatons
(which might be expressednoreor lessformally) requiresharedunderstandingf
theintendednterpretatios of terms.Thereuseof sourcespecificationss only fea-
sibleto the extentof their view of the domainis compatiblewith theintendednewn
use.In thisthesis,we disregardthe differencesn meaningbetweersharing,reuse
andexchangeandwe collectively referto referto themasknowledg sharingand
reuse

The literaturedistinguisheghe type of knowledgecomponert thatcanbe shared
andreusedn ontolagies thatis ‘knowing what', andproblemsolvingmethodsthat
is ‘knowing how’ [Uscholdet al. 1998]. In this chapterwe focusour attentionon
the sharingof ontologiesand we disregardthe sharingof problem-stving meth-
ods, althoughwe acknavledgethat thesetwo knowledgecomponerd are strictly
intertwined andthatthe natureof the ‘knowing how’ necessarilyaffectstheway in
which the ‘knowing what’ is representedThis problemis known in the literature
asinteraction problem[BylanderandChandrasekarat©88].

Building intelligentsysteman a way that savestime andis costeffective canbe
achieved by adaptingknowledgefrom existing applicationsinto the new system.
This might meanreusingsoftwareand/orsharingknowledge[Gomez-Rerez 1998].
Software engineeringorovidesus with the guidelines,methodsandtechniquego

applyin orderto reusesoftwaremadeby others.If the systemto reuseis a knowl-
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edgebasednethenthereuseconcernsotonly softwarebut alsoknowledge which
impliesidentifying the knowledgeandthe inferenceengineghatcanbereused.In
[GOmez-Rerez 1998] the authordiscusseshe problemsthat might be encountered
whenknowledgeis to be sharedandreused.We have classifiedtheseproblemsin

two big cateyories:

1. Heterogeneityproblems

(a) Hetelogeneityof knowled@ representatiorformalism
(b) Heteogeneityof theimplementabn languages

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

tion asimplicit inconsisénciesproblem[Morgensterrl998];

(d) Synonymity
2. Backgroundassumptinsproblems;

(a) Hiddenassumpting

(b) Lossof commorsense&knowled@.

Heterogeneitproblemshave beenstudiedat length,especiallyin thedatabasarea
[March 1990,Kim andSe01991]. They arefurtherdiscusedin Section3.5.
Backgroundassumptinsproblemsarecauseceitherby the, oftenhidden,assump-
tionsunderwhich anintelligentsystenis built (for example thetypeof theoryused
to representime) [Lenat 1995b]or the assumptias on commonsenseknowledge
thataretakenfor granted.Thatis, thespecificatiorof someknowledgecomponents
is not madeexplicit becausat is assumedo be commonknowledge. Ontologies
canprove helpful in dealingwith both heterogeneitandbackgroundassumpbns
problemsin thefirst casethey provide a warehousef vocalulary thatcanbeused
to solve heterogeneityin the secondcaseontolagiescanprovide an explicit speci-

ficationof thecommonsense&nowledgeusedandof the hiddenassumponsmade
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while building the system.This pointis further discussedn Chapter4, wherewe

presentan ontology modelwhich forcesknowledgeengineergo make the hidden
assumpbnsexplicit.

Finally, in building intelligentsystemsknowledgecould be sharedwith otherap-
plicatiors alreadybuilt. In suchanapproachknowledge sourcesareconsidereds
agentsdistributedin anagentnetwork [Gomez-Rerez1998]. Agentsprovide each
otherwith problem-solvng servicesandcarryoutthesetasksautonomasly andin-

dependentlylnteroperatiorbetweeragentss obtainedby theagents’commitnent
to usea sharedvocahulary andto associatea commonmeaningwith the termsof

thevocalulary. Agentsarchitecturegor knowledgesharingare briefly introduced
in Section3.4.

In this thesiswe specificallyaddresshe sharingof ontologies thatis the sharing
of formal and explicit specificationsof the conceptualisationssedto modelthe

domainof interest.

3.3 Terminology of knowledgesharing

Ontologes have moved out of the researchernvironmentand have becomewidely

usedin mary expertsystemapplicatiors not only to supportthe representatiomf

knowledgebut also comple inferencesand retrieval [McGuinness2000]. More

andmore,ontologesarethe efforts of mary domainexpertsandaredesignecand
maintaired in distributed environments For this reasonmary researctefforts are
now devotedto reusingandsharingthe knowledgeexpressedn diverseontolagies
[Uscholdetal. 1998,Pintoetal. 1999].

However, thetaskof sharingontologesis notsostraightforvard,asmary problems
arisewhenindependenyl developedontologes areusedtogether Researchn this

areahasstartedacklingmary issueshut mary questionsarestill unanswered.

In the following sectionswe will introducethe problemshinderingthe processof

sharingand reusingontologes, but before proceedingby illustrating theseprob-
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lems, we needto clarify and definethe termsusedin the field. We have dravn
from severalworks ([Pinto et al. 1999, FridmanNoy andMusen1999,Chalupsk
2000, Klein 2001]) and we have identified the following terms,that we will use

throughouthethesis,unlesdifferently stated:

e INTEGRATING: The processof creatinga new ontolagy from two or more
existing ontologies.Thedomainof theintegratedontologiesis differentfrom
the oneof the resultingontolagy, but thereexist a relationamongthesedo-
mains. Termsfrom the integratedontologes can be usedasthey are, spe-

cialised,adaptedr augmentedPinto etal. 1999].

e ALIGNING: Theprocesof establisiing links betweerthe sourcesontololo
giesandallowing the alignedontologesto reuseinformationfrom onean-

otherwhile thesourceontologesstill persis{FridmanNoy andMusen1999];

e MERGE: The processof building a single ontologythatis the melgedver-
sion of the sourceontologies. Often, the sourceontologes cover similar or

overlappirg domaingFridmanNoy andMusen1999];

e COMBINING: Theprocesf usingtwo or moredifferentontologesto per
form a taskin which their mutualrelationis importantfor the taskat hand.

Combiningmight meanalign, memge or integrate[Klein 2001];

e ARTICULATION: Thespecificatiorof the alignment.thatis the setof all the

sharedconceptsn alignedontologes;

e MAPPING: Theproces®f relatingconceptor relationsrom differentsources
thataredeemedsimilar accordingo somesimilarity function. It involvesthe

definitionof anequialencerelation.It correspondso virtual integration.

e TRANSLATION: The procesf changingtherepresentatioformalismof an

ontologywhile preservinghe semantics;
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e TRANSFORMATION OR MORPHING: The processaiming to modify the se-
mantics(by performingabstractionsr semanticshifts),andpossiblytherep-
resentatiorformalism of conceptsandrelationsin the ontology in orderto
malke themsuitablefor purposeglifferentfrom the original one [Chalupsky
2000J;

e VERSIONING: The methodto presere consiséng in the relationsbetween
newly createdontolagies,theexisting ones andthedatathatinstantiatehem
[Klein 2001];

e VERSION: Theresultof achangeor anupdateof anontology thatcancoexist

with theoriginal one[Klein 2001];

3.4 Agent architeaur esand knowledgesharing

A knowledgeengineeringparadigmthat hasproved to be usefulfor dealingwith

the integration of heterogeneouknowledgeis basedon a multi-agentsystemar

chitecture wherehumanandsoftwareagentsnteroperateandso cooperatevithin

commonapplicationareas. Agentsin a multi-agentsystemare characterisedby

abstractioninteroperability modularityanddynamsm. Thesequalitiesarepartic-
ularly usefulin thatthey canhelpto promoteopensystemswvhich aretypically dy-

namic,unpredictableandhighly heterogeneougdenningsl995], asis the Internet.
In thesetypesof applicationrdomairs, theinteroperabilityofferedby themulti-agent
systemapproachis requiredbecausehe individual componerd that interactwith

agentsarenot known a priori. Additionally, this paradigmprovidesrobustnessand
flexibility of theinterfacedetweerboththeagentghatexist within thelnternetand
betweeragentsandsoftwaresystemsthisis essentiasincetheinterfacescannotbe
anticipatedcat designtime.

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

world” that are explicitly definedby ontolagies thatis, views of what the agent
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knows to be the conceptsdescribingthe applicationdomainwhich is associated
with the agent,togetherwith their relationshipsand constraintgFalasconiet al.
1996]. Theinteroperabilly typical of multi-agentsystemss achiezed throughthe
reconciliationof theseviews of theworld by a commitnentto commonontologies
thatpermitagentdo interoperatendcooperateavhile maintaning their autonomy
In opensystens, agentsareassociateavith knowledgesourcesvhich arediversein
natureandhave beendevelopedfor differentpurposesknowledgesourcesembed-
dedin adynamicenvironmentcanjoin andleave the systemat ary time. Fromthe
ontologiesperspectie, dealingwith opensystemsmpliesthatontologesareoften
the efforts of mary domainexpertsandaredesignecandmaintainedndependently
in distributed ervironments. In sucha situationinteroperatiorbetweenagentsis
basedon the reconciliationof their heterogeneousiews, which is accomplisied
by megingthediverseontolbgiesassociateavith theagentcomposng thesystem
[Sycaraet al. 1998]. The memging of diverseontologieshasto be accomplisied
bearingin mind that sinceagentsare highly heterogeneoushey arelikely to be
incapableof fully understandingeachother so that both syntacticand semantic
mismatcheganarisewhich needto bereconciled(seeSection3.5).

An agents ability to representdomainknowledgein a consisentmannerhasto be
complementedy somereasoningcapability Accordingto Wooldridge and Jen-
nings, [Wooldridgeand Jenningsl995] an agentarchitectureis onethat contains
an explicitly representedsymbolicmodelof the world, andin which decisiongfor
exampleaboutwhat action to perform)are madevia logical (or at leastpseudo-
logical) reasoningbasedon patternmatding and symbolicmanipuation®. There-
fore ontologesin multi-agentsystemgsequirea high degreeof expressve power
to supportthe applicationof reasoningechnigueghat resultin sophisicatedin-
ference suchasthoseusedin negotiation, which is motivatedby the requirement

for agentgo solve problemsarisingfrom their interdependenceponone another

Lwe arerestrictingthe discussiorto deliberdive agerts, asit would not make senseto define
ontolodesfor purely reactve agerts
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[Parsonsetal. 1998].

Designirg multi-agentsystemso dealwith thesharingof heterogeneoushowledge
sourcegyivesriseto therequirementor ontologesthatcanbeeasilyintegratedand
provide a basefor applyingreasoningnechanismsin fact, the sharingof ontolo-
giesdependheavily onaprecisesemantiaepresentationf the conceptsandtheir
propertiedFridmanNoy andMusen1999,McGuinnes2000, TammaandBench-
Capon2000].

To recapwe mentionheretwo mainadwantageshatcanbeachievedby usingagent

architecturegor sharingknowledge[Preeceetal. 2001]:

e OpennessAgentscandynamicallyjoin andleave a network, adwertisetheir
capabilitesto oneanotherandform alliancesin orderto performa specific

task,thereforethey areinherentlyopen;

e Knowledge-l&el communicationBy meansof sharedontologieswhich per
mit thecommimentto a sharedanguageandto a sharednterpretatiorof the
symbds of the language agentcommurication is performedat knowledge

level [Newell 1982]

3.5 Assessingheterogeneity betwean sources

Literaturein thefield hasrecognised numberof problemghatcanhinderthe pro-
cessof combining (thatis, merging andintegrating) ontologes[Visseretal. 1998,
Visserand Tammal1999, Chalupsly 2000, Klein 2001]. Theseproblemscanbe
broadlysummarisedby thetermheteogeneity which denoteghe aspectsn which
independenyl developed ontologes candiffer. Usually heterogeneityarisesfrom
differentdecisionsmadeduring the designanddeveloprent of ontologies[Visser
andTammal999].

Whendealingwith heterogeneouknowledgesources/agentsnekey issueis un-

derstandingvhatforms of heterogeneitgxist betweerthe knowledgesourcesand
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whatarethe mismatchegausedy them. The vastamountof literatureon the in-
tegration of heterogeneoumformation sourcess sometines confusingregarding
the kinds of heterogeneityndthe mismatcheshat canarise,especiallywherethe
knowledgeengineeringanddatamodeling fields meet. This makesit lesseasyto
comparethe differentapproachegTammaand Visser1998, van Zyl and Corbett
2000].

An attemptto reconcileand comparethe differentdefinitionspresentedn the lit-
eratureis given by Klein [Klein 2001]andChalupsk [Chalupsk 2000]. We used
theseworks andthe oneby VisserandcolleaguegVisseret al. 1998]asa starting
point for the definitionsof the differenttypesof heterogeneityve considerin this
thesis.

Heterogeneitfandthusthe mismatchest cancause)anbe broadlydistinguished
into non-semanti andsemantichetepgeneity[Kitakami et al. 1996]. The former
type of heterogeneitys also called syntacticor language heteogeneityin [Klein
2001],while thelatteris alsocalledontology hetegeneityby Visserandcolleagues
[Visseretal. 1998]. Syntacticheterogeneitglenoteshedifferencesn thelanguage
primitivesthatareusedto specifyontolagies,while semantideterogeneitgenotes

differencesn theway the domainis conceptualisedndmodelled.

3.5.1 Syntactic or Languageheterogeneity

Languageheterogeneitypccurswhenontologes written in differentontologylan-
guagesare combined. In [Klein 2001] four typesof mismatch due to language

heterogeneitarerecognised.

¢ Syntax Differentontologylanguagesreoftencharacterisetly differentsyn-
taxes. Differencesn thelanguagesyntaxgive riseto mismatcheghatcanbe

resohedby meansof rewrite rules.
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e Logical representations This kind of mismatchis causedoy differencesn
the representatiomf logical notions, and more precisely differencesn the
languageconstructsthat are usedto expresssometlng. So, for example,
a languagemight permit the expressionof the OR operatorexplicitly, for
instanceby using the statemen{OR, A, B), whereasanotherlanguage
mayrepresenthe sameconceptby the AND operatorandthe negationof the

classdeclarationge.g. (AND, A, (NOT B)) .

e Semanticof primitives This is, to a certainextent, a more subtlekind of
mismatchderiving from non-semant heterogeneitylndeed,it is causedy
differencesn thesemantsof thelanguagestatementsThesdlifferencesan
be sometmesquitedifficult to detect,sincetwo languagesanuseconstructs
with the samename,but slightly differentinterpretationsor sometinesthe

sameinterpretatiormightbeassociateavith constructsvith differentnames.

e Languaje expressivity Mismatchesdueto differencesn the expressvity be-
tweentwo languagesare thosewhich have the mostimpacton the problem
of integratihg/meging ontologes. Differencesn the expressve power of the
languagesmply thatonelanguagecanexpresssometing thatthe otherlan-
guagecannotexpress.For example,somelanguagesupportnegation while
othersdonot. A completecomparisorof differentontolagy languagesanbe

foundin [CorchoandGomez-Rerez2000].

3.5.2 Semanticor Ontology heterogeneity

Mismatchescausedy semanticheteogeneityoccurwhendifferentontological as-
sumptons aremadeaboutthe samedomain. This kind of mismatchbecomeslso
evidentwhencombiningontologeswhich describedomairs thatpartially overlap.

In particular mismatcheslueto ontology heterogeneitganoccurwhile conceptu-

alisingand/orexplicating[Visseretal. 1998]thedomain.Visserandcolleaguesise
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theseaermsto referto thedefinitionof ontologygivenby GruberfGruber1993]stat-
ing that“An ontolagy is the explicit specification of a conceptualisatiri’ . Thatis,
the processof designng anontology is comprisedf two mainstagesthe concep-
tualisaion of the domainandthe subsequengxplication of this conceptualisation,
andtheideais thatontologyheterogeneitganbeintroducedin both stagesf the
design[Visseret al. 1998]. Thesetwo stagesxanbe furtherbrokendown into sub-
stageqVisserand Tammal999], and heterogeneityanbe introducedin eachof
thesesub-stagesHowever, for the scopeof this thesis,we will justconcentrat@®n
the conceptualisatioandexplication stageswithout goinginto too muchdetail.
Mismatchesdueto ontologyheterogeneitgan,therefore be subdvidedinto con-

ceptualisatbn andexplicationmismattes

Conceptualisation mismatches

Conceptualisatiomismatchesre semantidifferencesarisingfrom differentcon-

ceptualisationsf the conceptsaandtherelationsin the ontology domains.

e Model coverage and granularity. This type of ontology heterogeneityoc-
curswhendifferentconceptualisatins, andthusdifferentontologies,model
the samepartof domaindifferently bothwith respecof modelcoverageand
granularity Thisis usuallythe reasorwhy ontologiesaremeiged.

For example,oneontologycanmodeltheconcepWine into thesubconcepts
White-Wi ne and Red-Wine andthen further specify the two. There-
fore, the conceptWhite- Wine hastwo subconceptsChardonna y and
Riesling ; analogouslythe conceptRed-Wine is subdvidedinto its sub-
conceptBeaujo lais andChianti . Anotherontologymight modelthe
concepWine intothesubclasse®/hite- Wine andRed-Wine , only [Frid-
manNoy and McGuinnes2001]. Herewe have a problemof mismatchin
the granularityof the representatiorhecausehe level of detailin which the

domainis modelleddiffers acrosshe conceptualisationsoncerninghe two
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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 problem of
how the conceptualisationf the commondomainis modelked.

A problemof modelcoveragewould ariseif eachdifferentontology mod-
elled only part of a domain. For example,one ontolog/ could modelthe
conceptWine into the subconcept®ed-Win e andRose- Wine, whereas
anothercould modelthe conceptWine into the subconceptVhite-Wi ne
andChampagne. Here,thecoverageof thedomainis different,andmeiging

thesetwo ontologieswould provide a richerunderstandig of the domain.

e Scope This mismatchoccurswhentwo conceptsor relationsin the ontolo-
giesseento bethesamebut their extensiongthatis the setof theirinstances)
arenotthesamealthoughthey arenotdisjoint. Relationsmismatcheslsoin-
cludemismatchesconcerninghe assignmenbf attributesto conceptssince
thoserepresentelationsbetweerconceptuaentities[\WWoods1975].
Visserand colleaguegVisseret al. 1998] further distingush betweencate-
gorisatonandrelationheterogeneityvhichin turnscausehefollowingtypes

of mismatches:

— Catgyorisation mismatt). Thiskind of mismatchoccurswhentwo con-
ceptualisationgentify the sameconceptbut this hasdifferentsubcon-
ceptsin the ontologes. An exampleof categyorisaton mismatchcan
occurwhenoneconceptualisatin subdvidesthe conceptPerson into
thesubconceptMale andFemale whereagheothersubdvidesit into
thesubconcept€hild , Teenager andAdult . It concern®nly con-

cepts.

— Relationmismat®. It occurswhendifferentontologiesconceptualise
the samedomainby recognisingdifferenttypesof relations. It canbe

furtherbrokeninto:

* Structue mismatd. A structuremismatch occurswhenthe con-
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ceptualisationglistinguish the sameset of conceptsbut differ in
theway theseconceptsarestructuredoy meansof relationswhose
semanticoverlap, althoughthey are not equal. For exampleone
conceptualisationrelatesthe conceptBook andChapte r by the
relationis-ma de-of while theotherrelateshemthroughthere-

lation has-comp onent .

Attribute-assignmernmismatd. An attribute-assignmntmismath
occurswhentwo conceptualisatins differ in the way they asso-
ciatean attribute with otherconcepts.Visserandcolleaguesllius-
tratethis mismatchproviding the following example;let usassume
to have two conceptualisationswolving the conceptsvehicle
car andcolour ,andthattheconceptar issubclas®fthecon-
ceptvehicl e. We have anattribute-assignmnt mismath if one
conceptualisatioassociatetheattribute colour  with theconcept

car while theotherassociateg with theconceptvehicle

Attribute-typemismatt. This type of mismatch occurswhendif-
ferentconceptualisatios describethe sameconceptwith the same
setof attributes,but the valuesassociateavith the attributeshave
differenttypes.For exampletwo differentconceptualisationsight
describehe concepWine in termsof theattribute Colour where
oneconceptualisatioassociatewith this attributethe set{ W hite,
Rosé, Red}, while theotherassociatetheset{ Red, W hite}. When
thetypesarejustencodedlifferently(for examplelengthexpressed
in kilometersor in miles)it becomes caseof encodingmismath
(seebelan). While encodingmismatchesanberesolhedquiteeas-
ily by definingmappingfunctionscorverting one valuetype into
the other caseof attribute-typemismatchesrenot so straightfor

ward.

Page56



Chapter3 Therole of ontolbgiesin knowledgesharingandreuse

Explication mismatches

Explication mismatchesrisebecausef differencesn the specificationof the do-
mainconceptualisatiorDuringtheconceptualisatin phaseheconceptsiescribing
thedomainareselectedjn the explication phasetheseconceptsare madeexplicit,

usuallylabelling eachof themwith aterm (which is oneor morewordsin natural
languagepndassociating definitionwith eachterm,which couldbe expressedn

naturallanguageor in aformal ontolagy language.

We distinguish six typesof mismatchesthe first threeof themconcernthe mod-
elling choicesthefollowing two concerrthechoiceof termsthatareusedto labela
concepin the ontolayy, while thelasttype of mismatchconcerngheway in which
conceptsare encoded. This type of mismatchcovers, in part, the mismatchthat

Visserandcolleaguegall Attribute-typemismath.

e Repesentatio paradgm. Thistypeof mismatchdepend®n differentrepre-
sentatiorparadigmsisedio modelthe samedomain.It canbecameapparent
with conceptsuchastime, actions,plans,causality etc. Anotherreasorfor
this type of mismatcheould be the adoptio of differentknowledge repre-

sentatiorparadigms.

e Top-level concepts Top-level conceptanismatchesarisebecausentolayies

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

e Modelling conventiong/Also known asconceptdescription in [Klein 2001]).
Modelling corventionmismatchesdependnmodellingdecisiongnadewhile
designng the ontology For instanceijt is oftenthe casethatanontologyde-
signerhasto decidewhetherto modela certaindistinction by introducing
a separateclassor by introducinga qualifying attribute relation[Chalupsky
2000, FridmanNoy andMcGuinnes2001]. Anotherexampk of modelling
conventionsmight bethefollowing, let ussupposeave wantto modelthecon-

ceptBird , andits subconceptRobin andPenguin , andtheirability to fly.
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We coulddo soby addingto theconcepBird theattributecan-fly  which
takesvaluein the set{Yes, No}. This attribute is inheritedby the subcon-
cepts,becominga distinguishingattribute in thatit allows usto distinguish
betweenrsiblingsof a sameconcept(seeSection3.7.1). Thereforewe distin-
guishtheability to fly betweera Robin andaPenguin because¢heformer
concepthasthe attribute can-fl y associatedavith the valueYes while the
latter hasit associateavith thevalue No. We couldmodelthe sameinforma-
tion by creatingtwo differentsubconceptsf the conceptBird : Flying-
Bird (describedby the attribute can-fly ~ associatedvith the valueYes)
andNon-Fl ying-Bird  (describedby the attribute can-fly  associated
with thevalue No), respectiely. Thenwe could modelthe conceptRobin
as subconcepbf Flying-B ird while Penguin would be modelledas

subconcepof Non-Flyin  g-Bird

e Synonymerms Thistypeof mismatchis discussedh lengthin [Visseretal.
1998], whereis calledterm mismatt. It occurswhenthe sameconceptat-
tribute,or relationis referredto by differenttermsand/ordescribedy differ-
entdefinitions,althoughsemanticallyequivalent. For example let ussuppos
to have two ontolagiesO, andO, thatdescribehe vehiclesdomain,andthat
bothmodelthe conceptCar, by callingit Automobi le in ontologyO; and
Motor-ca r inontologyO-. Additionally, thetwo conceptsaneitherbede-
scribedby the samesetof attributes,for exampk Registrat  ion-Year

Maximum- Speed, or by two setsof attributesthatare semanticallyequiva

lent. For exampleAutomobile in ontolagy O, couldbedescribedy theset

of attributesMat-Ye ar andMax-Speed , while the conceptMotor -car
in ontolagy O, is describedyy the setof attributesRegistrat  ion-Year

andMaximum-Speed .

A speciakaseof thiskind of mismatchis whenontolagiesarewrittenin natu-

ral languagewhich givesriseto differentandextremelycomplex mismathes
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which have adeepsemanticmatureandcanrequirealot of humaneffort to be

resohed.

e Homonynterms Thistype of mismatchoccurswhenatermcanreferto dif-
ferentconceptsdependingon the context. It is mainly dueto the existence
of homorymsin naturallanguagesuchasthe Englishword woodwhich can
meana collectionof treesor the materialthatformsthemainsubstancef the
trunk or thebranche®f atree. An exampleof this mismatchcanbefoundin
a situationwheretwo ontologes O; andO, might have the sameterm (and
eventhe samedefinition) which denoteglifferentconcepts.

Homorym termscanappeaiin differentontologesconcerningthe samedo-
mainif these'operationalise’the termin differentways. For examplethe
conceptyear mightbedescribedasa periodof timedividedinto 12 months
in two differentontologes,O; andOs. If thefirst ontologyconsideramonth
asa periodoftimeof 30days whereashesecondntologyconsideramonth
asa periodof time thatcanhave a numberof daysbetweer28 and31, then

thetermYear in O; isanhomorym of theanalogougermin O,.

e Encoding This is maybethe easiestmismatchto resole. It occurswhen
differentontologiesencodevaluesin differentways.In awayit includesalso
theAttribute-typemismatd introducedby Visserandcolleague$Visseretal.
1998],in the sensdhatit is aguablethatoneconceptualisealsotakinginto

accounthingssuchasthe unity of measuraisedto instantiatehe concept.

Heterogeneityandespeciallyontologyheterogeneitycanseriouslyhinderattempts
of sharingand reusingknowledge automattally. In factin orderto recognise
whethertwo conceptdrom heterogeneousnowledgesourcesare similar, we can-
not only rely on the termsdenotirg themandon their descriptionshut we needto

have a full understandingf the conceptsn orderto decidewhetherthey are se-

manticallyrelatedor not.
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Ontologyheterogeneitganalsohinderthe ability to reasonwith instantiaions of
sharecknowledgebecausét cancausewvhatin knowledgerepresentatioarecalled
implicit inconsistenciefMorgensternl998]. Beforedefiningimplicit inconsisén-
ciesis worth noting that conflicting knowledge can and mustbe includedin an
ontology A Bird canor cannotfly andthe ontolagy shoutl modelthis kind of
knowledge.lt is very likely that,whensharingknowledge,conflictinginformation
hasto be modelkedin the sharedontology refleding whatis possithe in the differ-
entdomains.However, whenwe needto automaticallydrav conclusionfrom the
knowledgemodelledin thesharedntology theninconsisenciescanarisethatneed
to bedealtwith.

Whendealingwith heterogeneouaowledgesourcesgetectingnconsistenciesan
becomeaven moredifficult. We defineimplicit inconsistenciethosefor which in-
consistenvaluesareassociatedavith conceptghatare affectedby eitherlanguage

heteogeneityor ontolagy hetepgeneity

3.5.3 Reconciling mismatches

In Section3.5.1andin Section3.5.2we have presentedhe typesof heterogene-
ity that can affect ontologesindependenthbuilt. Eachheterogeneitytype corre-
spondgo amisnmatch,andmary heterogeneityypescanaffectontologes,therefore
mary mismatchescanoccurwhile combiningdifferentontologies. Themismathes
have beensumnarisedin Figure3.1. Whendifferentontolagiesarecombinedthe
differenttypesof heterogeneityneedto be detectedandreconciled. Many of the
systemsroviding an aid to ontology integration and meiging have waysto semi-
automaticallydetectsyntactictypesof heterogeneitybut very few tools are able
to detectanddealwith semanticheterogeneity The difficulty lies in the factthat,
in orderto detectheterogeneityypesotherthansyntacticit is necessaryo have a
preciseunderstandig of thethesemantisof theconceptsnvolvedin theconceptu-

alisation[Chalupslk 2000]: thisinvolvesunderstandinghetermsusedto explicate
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Figure 3.1: Thedifferenttypesof mismatches

Page61



Therole of ontologesin knowledgesharingandreuse Chapter3

theseconceptsthe structureof the conceptsandthe context in which a conceptis
to beused.
When combinng different ontologes a numberof stepshave to be considered,

Chalupsk [Chalupsk 2000]identifiedfive stepso ontologymeiging, which are:

1. Findingsemanticoverlapor hypothesisig alignmens,

2. Designingtransformatios to bring the sourcesnto mutualagreement;
3. Editing or morphingthe sourcedo carryoutthetransformations

4. Takingtheunionof themorphedsources;

5. Checkingthe resultfor consistenyg, uniformity, and non-redundancand if

necessaryepeatingsomeor all of the stepsabove.

The first two stepsare applicablealsoto ontology integrations(at leastfor what
concernghe similarities amongthe domainsof conceptualisation)andis during
thesetwo stepsthat the differenttypesof heterogeneityhave to be detectedand
reconciled.The automaticexecutionof thesestepsis supportedat variousdegrees
by the stateof the art. We canrelatethe first two stepsto the heterogeneityypes
(analysedn Section3.5.1and Section3.5.2),and,whenpossilbe, we relatethem
with the stateof theart.

The first stepconsiss of identifying the conceptghat semanticaif overlap. This
stepinvolvesthe assessmerntf the semanticsimilarity betweenconcepts.Assess-
ing semanticsimilarity is quite a complex task, chiefly becausecurrentsimilarity
measuresre usuallybinary, sothey do not permitanassessmertf the degreeof
similarity and do not usuallytake into accountthe structureof the definitionsof
conceptsWe furtherinvestgatesemanticsimilarity in Section3.7.3,reviewing the
literatureon this topic. In currentsystemssemanticsimilarity is assessecthainly
by comparinghamesf conceptdy meansof lexicons,andby comparinghestruc-

ture of attributes. Non-semanti@ndsemanticheterogeneitganmake this process
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even morecomple. Indeed,the first stepshouldbe to make the structureof the
ontolagiescomparableby resolvingnon syntacticheterogeneityAlso knowledge
representatioparadigmandencodingheterogeneitghouldbe detectecandrecon-
ciledatthis stage.

OntoMaph [Chalupslk 2000] providestwo mechanisrato describetransforma-
tions: syntacticrewriting via pattern-directedewrite rules, and semanticrewrit-
ing moduhting syntacticrewriting via partial semanticmodelsand logical infer-
encesupportedoy an integratedknowledgerepresentatiosystems.Thus, syntac-
tic rewriting permitstranslationsdetweerontologylanguagegandmoregenerally
knowledgerepresentatiotanguagesyhich may differ in the syntax, expressve-
ness,logical representatiomnd semanticof primitives. However, in somecases
syntacticrewriting might not be sufficient, andthereare casesn which logical in-
ferenceshave to be consideredo reconcilenon-semantiteterogeneity In these
casedhekind of semantiaewriting provided by Ontomorphmight help.

Oncethe non-semant heterogeneitys reconciledwe canstartlooking for similar
concepts.Systemssuchas AnchorPROMPT [FridmanNoy andMusen2001]and
Chimaera]McGuinnesset al. 2000] can performa limited assessmerdf similar-
ity betweenconceptswhich is basedon lexical similarity, but this methodcanbe
seriouslyaffectedby the presenceof synonymandhomonymerms At this stage
only heterogeneitgoncerningsynorym termscanbereconciledby usingsomethe-
saurudike WordNet[Miller 1990].

Thenext stagewhile performingstepone,consistdn analysinghe structureof the
conceptsdefinition. Analysingthe structureof thedefinitionsis necessaryo detect
andreconcilecase®f heterogeneitgausinghomonymermsmismathes attribute-
typemismattes structue mismathesand,on someextent,modellingcorventions
mismatbes(for whatconcernghe structureof the conceptonly).

The next stepto meige ontologes is to designthe transformatios to bring the
sourcednto mutualagreement.In this step,thosetypesof heterogeneityhatin-

volve the structureof ontologes have to bereconciled becaus¢hey canaffectthe
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processof bringing the sourceontolayiesinto mutualagreement.Therefore,it is
while performingthis stepthat categorisation mismattes attribute-assignment
model coverage and granuarity, and top-level conceptsmismathescan be de-
tectedandreconciled.AnchorPROPMT [FridmanNoy andMusen2001] proposes
a techniquethat semi-authomatially detectsalignmentpoints,whereasChimaera
[McGuinnesset al. 2000] permitsthe partial browsing of the subclass/sugrclass
hierarchy However, the techniquescurrently available canhelpin detectingonly
few typesof heterogeneityfor example,thereis no systemthat canfully detect
heterogeneitgueto differencesn theassignentof anattributeto a class(attribute-
assignmentmismatches),and sometypesof heterogeneitymight not even be de-
tectedby humanexpertsunlessthe context of the ontology is fully specifiedin the
documentation.

We have summarigdtherelationamongthedifferenttypesof heterogeneitandthe
necessangtepsof ontologycombinationin Figure3.2. The following subsection

present@ smallexampleof heterogeneitynismatchesndimplicit inconsistencies.

3.5.4 Example

Let usconsidettheontologesof two differentcompanieproducingpastriesCom-
pary C; producesonly savoury pastries,consequentlyn the ontology modelling
the baking productsproducedby compary C; we find the conceptPastry de-
scribedby anattribute Savouriness  which modelsthe saltcontentof the pastry
andtakesvaluein theinterval [0..20] wherethe numberdenoteshe percentagef
salt preseniin the pastry Compaly C, producesonly sweetpastriesandthe on-
tology modelling the productssoldby compaly C, representtheconceptPastry
describedy anattribute Sweet ness whichmodelsthesugarcontentof the pastry
andtakesvaluein theinterval [0..60]. Let usnow supposehatthetwo companies
C, andCy; memgeandsothey have to integratethetwo ontologiesinto one.

Thefirst problemto take into accounts thattheconceptPastry is heterogeneous
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Figure 3.2: Relatingthe stepso combineontologesto the heterogeneityypes
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acrossontologiesO; andO,. More preciselythisis a caseof homonynmismata,
asthesametermPastry hasbeenusedto modelbothsavourypastriesandsweet
pastries Of coursethis would have not happenedf the concepthadbeentermed
Savoury-P astry in ontology O, andSweet- Pastry in ontologyO,. How-
ever, in this casethe the homorym mismatchhidesa mismatchin the conceptual-
isation,in the sensethatwhile compaty C'; conceptualisethe pastriesdomainby
consideringonly savoury pastriescompary C, conceptualisethe samedomainin
termsof sweetpastriesonly. So, besidegshe homaym mismatch, which is mis-
matchin the explication of the conceptwe have alsoa scopemismath, whichis a
conceptualisatiomismatch.

Letusnow proceedvith theattemptof meging thetwo ontolagies,bearingin mind
that we have found a conceptPastry which is parentof two disjoint subconcepts
Savoury-Fastryand Sweet-Rstryandthatthesetwo subconceptareactuallymod-
elledin theontologesO, andOs, thoughlabelledwith thesamaermPastry . As
designchoicelet usassumehatthesharedgroductontology containsnow aconcept
Pastry which is obtainedby memging the conceptsastry - O, andPastry-
O,. TheresultingconceptPastry inheritsattributesfrom bothparentonceptsso
it inheritsthe attribute Savourine ss andthe attribute Sweetness . The pres-
enceof bothattributesin the conceptdoesnot createary kind of ontolagical prob-
lem, althoudh we could obsenre that the two attributescould be consideredwo
extremesof the samespectrumthatis, from very salty, to neithersaltynor sweetto
very sweet.If we needto reasorwith the knowledgeinstantatingthe ontology the
factthatthesetwo attributesarerepresentingonflictinginformation(indeed they
represent distinguishingpropertythat causeghe two classego be disjoint) can
hinderthe ability to drav soundconclusions.Whatit is worth noting here,how-
ever, is thatin orderto detectinconsistencieautomattally, a programmustbeable
to understandhata pastry(instanceannotbe bothsavzoury andsweetat the same
time. Thereforeanautomatiaceasoneshouldnotonly beableto drav conclusions

from inconsiséntvaluesbut in first instanceshouldbe ableto recogniseheincon-
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sistengy becausdt recogniseshatthetwo concepthave beenlabelledby synorym
terms.

This small, andin a way ad hoc example,is not totally unrealistic: the typesof
mismatchesdescribedn the exampk arelikely to occurwhenmemging ontolagies
thathave beenindependentlyevelgped. Fromit we coulddrav animportantcon-
clusion.Evenin afictitious situatonlike theonedescribedbore, in orderto detect
themismatchesandtheinconsisenciesve have madeuseof semanticshatwasnot
explicitly representeth theontologes,whichmeanghatmergingthetwo concepts
would have not beenpossiblewithouttheinterventon of a humanmore or lessex-
pertin thedomainmodelledin the ontolagy. Although, at the currentstateof the
art, automatt ontolagy meiging seemguite an unrealistictarget, thereare mary
researchefforts which have concentrate@dn semi-autoratic ontologymemging, as
alreadyseenin Section3.5.3.

In the next sectionwe surnwey approachesurrentlyavailable. Thenwe illustratea

nove proposato tacklethis problem.

3.6 Ontological approadesto knowledgesharing

In Section3.2 we have introducedthe knowledgesharingproblem. The literature
concerningknowledgesharingis quite rich andmary systens have dealtwith this

problem.Amongthem,we mentionhereasrelevantresourcesSIMS [Arensetal.

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

2001],andOBSER/ER [Menaet al. 2000]. We have decidedto concentratdnere
onthetheoreticalapproachethatarebehindthesesystemsandwe have reviewed
threeof them,InfoSleuth[Perryetal. 1999],OBSER/ER [Menaetal. 2000],and
KRAFT [Preee etal. 2001],in AppendixA.

As pointedout mary approacheto knowledgesharinguseontologiesfor two main

tasks:
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e To abstracthe knowledgecontentof a resourcerom the way in which this
knowledgeis representeth orderto overcomeproblemsof languagehetero-
geneity ontheassumptinthatthesemanticarethesameacrosghedifferent

knowledgesources;

e To sharethecommonunderstandig abouta domain,by identifying concepts
thataresharedoy thedifferentresourcesindthatrepresenthereferencecon-
ceptsonwhicharny communcationhasto begroundedldentifyingtheshared
conceptsneansiotonly isolatingthoseconceptsvhich havethesameor sim-
ilar nameshut alsothoseconceptsvhosecontentis similar despitedifferent
namesor differentconcepidescriptionstherebysolving heterogeneitglueto

ontologal mismatches;

In the remainderof this sectionattentionis focusedon differentsolutionsto the
integrationof heterogeneousesourcesvith differentontologes, we illustratethe
approachethatarepresentedn theliteratureandwe proposea novel approach.
All approachesrebasedon the assumpon that Conceptscan be shaed between
different resoucesif an appropriate “mapping” can be foundthat transbrms a
conceptundestoodby oneresouce into a conceptthat is undestoodby another
resouce Thisis theminimalrequirementor two resoucesto shawe knowledg.

In the literature threetypes of approacheso knowledge sharingare mentiored
[Uscholdet al. 1999]. Here we associatea broad meaningwith the term knowl-
edge sharing to meanusedby multiple informationssystens, by multiple persons
andin multiple contets. Following Uscholdandcolleagueswe usethetermin this
sensaandthusdisregardthedifferencedetweersharing reuseandexchangg, each
of which canhave a more specificmeaning,aswe have illustratedin Section3.2.
In thefollowing subsectiaswe surwey the systemsandthedifferentapproacheso
knowledgesharingpresentedn the literatureon the groundsof the role ontologies
play in theseapproaches.Furthermorein Section3.7.1we proposea novel ap-

proachto sharing basedon anhierarchicalstructureof multiple sharedontologies,
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eachrepresentindgknowledgeat a differentlevel of abstractionWe believe thatthe

approactwe ervisagedoffersadvantagesn scalabilityandmaintanability.

3.6.1 One-to-oneapproach

In this approachknowledge sharingis achieved becausesachresourcemalesits
servicesavailableto the otherresourcesn thearchitecturgUscholdetal. 1999]. If
theresourcesreheterogeneoukenatransformatiorstepis requiredaswell. This
approachs basednsomefunctions(or point-o-pointtranslatorsin [Uscholdetal.
1999]) thatdirectly mapfrom a sourceformatto atamgetformat. Thesefunctions
areoftencalledin theliteraturemappingfunctionsor simply mapping. Concepts
canbe sharedbetweendifferentresourcesf anappropriatemappingfunction can
be foundthattransformsa conceptunderstoody oneresourcento a conceptthat
is understoody anothermresource.

An ontolagy mappingis a partial or total functionthatspecifiesnapping between
termsandexpressionglefinedin a sourceontolayy into termsandexpressiongle-
finedin atargetontology [Visseretal. 1998]. Thesefunctionscanalsobe (but not
necessarilare)isomorplic, thatis, if a mappingfunctionexists from aresourceA
to aresourceB this impliesthatthe opposie mappingfrom the resourceB to the
resourceA exists

Ontologes might be possiblyusedin this approacho separatéhe abstracknowl-
edgefrom theway it is implementedin theresourceandthusto make themapping
proces®asier However, thesefunctionscanbedeterminedvithout explicitly refer
ring to anintermediateontology which playstherole of neutralinterchangdormat
[Uscholdet al. 1999]. This is the so-calledone-to-oneapproachwherefor each
ontolagy (or resource p setof mappingfunctionsis providedto allow the commu-
nicationwith the otherontologies(resources)lf anontologyis usedto modelthe
local knowledgethena wrappermight be usedto corvertthelocal conceptsnto a

formatsupportedoy thelocal ontology It is importantto noteherethatin suchan
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approachthe ontologesinvolveddo not modelsharedknowledge.

Accordingto [Uscholdet al. 1999]the one-to-oneapproachcanbe madeto work
andis arelatively low-costandpracticalapproachn the short-term.However, this
approachs only suitablewhentheresourcesrequitestablein time, thatis, they do
notchangdrequently In fact,eachtime a concepis introducedn aresourceor the
conceptis usedin a way differentfrom before,thenthe correspondingnappings
needto be changedMoreover, inconsisénciescanbe undetectedintil they impact
on somecritical application Finally, the effort requiredto build and mainain the
mappingfunctionsis quitebig, especiallyin thosecasesvheretheknowledgeavail-
ableis not sufficient to determinea uniquemappingof a conceptin oneresource
into anotheronein a differentresourcelndeed suchanapproachwould requirein
the worsecase thatis if the mappingsare notisomorphc, the definition of O (n?)
mappingfunctions,if n ontologesarecomprisedn the structure.For this reason,
this approactonly seemdeasibleif thereareonly a few ontologies(resources)lt
alsowould not be very scalablebecausef a new resourceas addedto the structure
this approachrequiresthe definitionof n» new mappingfunctions

The OBSER/ER system[Mena et al. 1996], partially overcomesthe aforemen-
tioneddrawvbacksby performingrun time transformationsywherea conceptmight
mapinto asynorym, hyperrym or hyporym conceptIn thisway, asharedntology

is virtually built atruntime.

3.6.2 Singlecentralisedontology

This approachachiezesthe sharingof heterogeneousourcesy commiting to an
overarchingsharedontologymodelling the conceptghatare sharedoy the knowl-
edgesourcesThisis basentheassumptinthatin orderto besharedknowledge
resourcesnusthave somecommonunderstandinghat partially coversthe shared
domain. Thatis, resourcesnodelling conceptualisatiamon totally differentdo-

mainsarehardlyableto shareany knowledge whereadlifferentconceptualisations
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of thesameor similar domainshave moreto share.

However, the sharedontologyin this approactcanplay two roles: In thefirst case
the ontology playsthe role of a neutral interchange format while in the second
it permitsthe neutal authorirg of sharedknowledge[Uscholdet al. 1999]. The

following subsectios examineeachof thesecases.

Neutral interchangeformat

The applicationresourcesare modelledaccordingto their own ontology, usingan
ontolagy languagegonceptualisatimandexplication thatarelocal andnot shared.
In thesinglecentralisedntolagy approachtheintegration of heterogeneousources
is performedby identifying the conceptswhich are sharedby all the knowledge
sourcesandlocatingthemin a sharedontology. The sharedconceptsare defined
in a way suchthatthey canbe easilymappedfrom andinto the original concepts
with no or little information loss. For this reasonthe sharedontolagy is writtenin
a sufficiently expressve neutralformat, andthenthe local resourcesare provided
with two-way transformatios that performthe mapping from local to sharedcon-
ceptsandvice-versa. Many architectureso integrateresourcecomprisea single
sharedontology examplesare given by InfoSleuth,[Bayardoet al. 1997]and by
the KRAFT architecturdPreeceetal. 2001].

A crucial point to be consideredvhen analysingthis approachis the stratey to
follow whendesigningthe sharedontologyor, usingUscholds terminolog, when
designimg the neutralformat. This canbe thoughtasa continuun whereon one
end of the spectrumwe have a neutralinterchangdormat thatis very expressve
(thatis the expressvenesscoversthe expressvenessof the target languages).In
otherwords,theconceptsn thesharedntologyaretheunionof all conceptsn the
local ontologes. In this way, little or no informationis lost when performingthe
mappingsbetweenocal andsharedontologes. On the otherendof the spectrum

we have the opposie approachthatis the expressve power of the neutralformat
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couldbetheloweg commondenominatoof the local formats,in otherwords,the
conceptdn the sharedontologyarethe intersectiorof all the local concepts.This
makesthe creationof mapping betweerlocal andsharedntologeseasieybut lo-
cal ontolagies needto be written bearingin mind the transformationghat are to
be performedandtherisk of losing a greatamountof information in the transfor
mation processs high. Whathappensn practiceis that someintermediarypoint
betweenthesetwo extremesis chosenmosty relying on the experienceandthe
domainknowledgeof theontologydesigners.

Theextentto whichthisapproachs to beconsidereadonceptuallyealistichasbeen
subjectof discussio [Share 1997]. It hasdefinitelythe potental advantage®f per
mitting the knowledgesourcego be keptautonomougrom the procesf sharing
knowledgeandto reducethe numberof mapping involvedin the transformations
from O(n?) to O(n). But, asUscholdhighlightsin [Uscholdetal. 1999],theseare
only potentialadvantagesvhich mayor maynotbebepossibé to realise.

The dravbacksof dealingwith a singlesharedontolayy aresimilar to thoseof ary
standardseealso:[VisserandCui 1998]). Often,standardarenotvery corvenient
to usesincethey have to be suitabk for all potentialuses.Also, the taskof defin-
ing suchstandardss oftenlengthyandcomplicated.It is oftennecessaryo find a
trade-of concerningheexpressvenessthemoreexpressveis theknowledgeto be
sharedandthe moredifficult it is to write the translatorsMoreover, commiting to
a standardestrictsthe degreeof heterogeneityhat may exist betweenthoseusing
the standardsand, last, but not least,standards by their nature- resistchanges,

partly dueto theaforementionedeasons.

Neutral authoring

Neutralinterchangdormatis just oneof therolesthata sharedontologycanplay
whensharingknowledge. Anotherapproachs to authorthe sharedontologyin a

neutralformat. Thedifferencewith the previousapproachs thatin theneutralinter-
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changeformatapproachhe ontologesto be sharedmay maintaintheir autonomy
of languagesyntax,knowledgerepresentatioparadigmandthey aretransformed
into neutralinterchangdormatfor sharingpurpose®nly, whereaswith the neutral
authoring,a neutralformatis enforcedon the ontologiesat designstage,so only
semanticallyheterogeneousiews are allowed [Uschold et al. 1999]. Both in the
caseof the neutralinterchangdormatandin the caseof the neutralauthoring,de-
signing andbuilding the sharedontology is quiteatime-consunng task. However,
differentconsideratioacanbe madein eithercases.A neutralinterchangdormat
is usuallymeantasanaid for semi-autoratic knowledgesharing.Sothelanguage
usedfor the neutralinterchangedoesnot have to be necessariljhumanreadable.
With the neutralauthoringapproachthe sharedknowledge is authoredn a neutral
formatwhich could be humanfriendly (for examplea restrictedsubsetof natural
languageith the aim to improve humanknowledgesharing.Anotherdesigndif-
ferencebetweenthe two approachess motivatedby the fact that transformations
in the caseof neutralauthoringarein onedirectiononly, andso designinga lan-
guagewhich is the lowestcommondenominabdr might be preferredin sucha case
[Uscholdetal. 1999].

Oneof the mostusedneutralauthoringtoolsis Ontolingua[Farquharet al. 1997].
Ontolinguawasdesignedasa tool to supportthe collaboratve building of ontolo-
gieshby providing a neutralauthoringlanguagelt is equippedwith a setof transla-
torsin themostcommonlanguage$or knowledge basesuchasLoom[MacGregor
1991],Clips, Prologandmary others.However, thesetranslatorcanonly perform
syntactictransformatbns,anddo not dealwith any kind of languageor ontological
heterogeneity

To sumnarise,this approachmight prove cost-efective in limited situatiors while
it is not suitablefor generalcases,dueto the inherentdifficulty of the mapping

problem.
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3.7 A novel proposalto knowledgesharing

Having discussedhe variousapproachefor sharingheterogeneousourcesijn the
previous sectionwe now focusour attentionon a structureof multiple sharedon-
tologiesas presentedn [Visserand Tammal999]. This architectureaggreates
multiple sharedntologesinto clusterssoasto obtainastructurethatis ableto rec-
onciledifferenttypesof heterogeneityandis alsointendedo bemorecornvenientto
implementandgive betterprospectgor maintenancandscaling. We discusshere
thefeasibility of semi-automati ontologyclusteringin orderto obtainsuchastruc-
ture. More particularly we have invegigatedthe differentsimilarity measureshat
canbe usedin orderto build clustersof ontologes. In contrastto an approachn
which all resourceshareonebody of knowledgeherewe proposeo locateshared
knowledgein multiple but smallersharedontolagies. This approachs referredto
asontology-basedesourceclusteringor shortly, ontology clustering[Shave 1997].
Resourceso longercommitto onecomprehense ontology but they areclustered
togetheron the basisof the similarities they shav in the way they conceptualise
the commondomain. Thereforeeachclustercanbe thoughtof asa micro-theory
sharedby all theresourceso conformto thatcluster Eachmicro-theoryis in turn
generaliseé@ndthey areall eventuallygeneralisedby thetop-level ontology which
is a standardupperontologylike the UpperCyc [Lenat 1995a]. This approachis
analogougo modularistion in software engineeringandis thoughtof having the

sameadwantageswhichare:

e Modularity/separability : Eachclusteris likeamodukin softwareengineer

ing andrepresentsa specificaspecbf thedomain;

e Composability: Different clustersare composedby generalisingthe con-
ceptsthatarecommonto them. This is thefirst stepto permitheterogeneous

resource$o commurncate;
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e Scalability: Theadditionof a new resourceo the architectureequiresonly
the productionof the mappirg rulesbetweenthe ontologyassociatedo the

new resourceandthe clusterto which thisresourcebelongs;

e Impact of changeminimisation: If aconceptlescriptim needso bechanged
only themappirg rulesbetweertheupdatedntolagy andtheclusterto which

this ontologybelongsneedto berewritten;

e Division of ontology authoring efforts: Ontologescomposinga clusterdo
not needto be authoredby the samepeopleaslong astheir conceptsanbe

mappednto the conceptof the cluster

e Accommodationof diverseformalisations A clustercanbe comprisedof
ontologiesrepresentinglifferentformalisatonsof the samedomain,suchas

differenttemporalontologes.

This approachhasnot beentestedyet, thereforewe canonly foreseesomedisad-

vantages:

e Thereis no methodobgy which permitsusto build the structureof ontology

clusters;

e Compleity of thefirst order clusteringproblemfrom the machinelearning

viewpaint;

e Lack of a semantic-sensite similarity measurehat could be usedto assess

similarity amongconcepts;

e Lackof toolsthatcansupportthe building of the ontolagy clusters.

3.7.1 Ontology clusters

Ontology clusteringis basedn the similaritiesbetweerthe conceptknown to dif-

ferentresourceswhereeachresourcerepresents differentaspectof the domain
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knowledge. We assumehatthe ontologes modellng the resourcesre consistent,
non-redundantandwell structured.We alsoassumehatthe ontologes have been
built with amethodobgy thatincludesa formal evaluation step,suchasMethontot
ogy [Fermandez-lbpezetal. 2001]

Sinceourresourcesieedio communcatein asensiblégashionthey areall supposd
to be familiar with somehigh level concepts.We grouptheseconceptsn anon-
tology rootedat the top of the hierarchyof ontologes. As it describesoncepts
that are specificto the domainandtasksat handwe refer to this ontolog/ asthe
applicationontology(following VanHeijstandcolleaguesjvanHeijstetal. 1997].
Theseconceptsare reusablewithin the applicationbut not necessarilyoutsice the
application. The conceptdefinitionsin the applicationontology are chosenfrom
an existing top-level ontology which in our caseis WordNet[Miller 1990]. The
applicationontology thuscontainsa relevantsubsebf WordNetconceptsFor each
conceptone or more sensesare selected dependingon the domain. If somere-
sourcesshareconceptghatarenot sharedoy otherresourceshenthis leadsto the
creationof two (or more)sibling ontologes. Eachsibling is a consistenextension
of its parentontology, but heterogeneousith respecto its peers.We do not pose
ary restrictionto thetypesof heterogeneityhatcanaffect theontologes.

A clusteris referredto asa group of consistenontologies(possiblyone)in our
structureandis describedby anontology which is sharedby thosecomposinghe
cluster Both ontologyclustersandontolagieswithin eachclusterare organisedn
a hierarchicalfashionwhere eachsibling clusterspecialiseshe conceptgshat are
in its parentcluster However, while multiple inheritanceis permittedwithin the
ontologiesijt is notpermitedbetweerontologes, thereforethe structureof clusters
is atree.In this structurethelowerlevel clustershave morepreciseconcepdefini-
tionsthanthe higherlevels, makingthelattermoreabstract.

Clustersarelinkedby restriction or overriding [VisserandCui 1998]relations that
is conceptsn oneparentontologyareinheritedby its childrencluster but overrid-

ing is permitted. The link betweenthe resourcesandthe local ontologes, on the
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Figure 3.3: Thehierarchyof multiple sharedontolagies

otherhand,is different,andis a mappingrelation as definedin [Visserand Cui
1998],thatis a functionpreservinghe semanticsFinally, therelationbetweerthe
top-level ontologyandthe applicationoneis a simple Subset/Swgrsetrelationas
describedn [VisserandCui 1998].

Figure3.3illustratesan exampleof this structure.Sincedifferentsiblings canex-
tendtheir parentclusterconceptsn differentwaysthe clusterhierarchypermitsthe
co-existenceof heterogeneougsibling) ontologes. Figure 3.3 illustratesthis par
ticular structurewhereLocal Ontology,, Local Ontology,, Local Ontologys, and
Local Ontology, arethelocal ontolodes, Shared:s is the ontologysharedby the
localontologes 1 and2. AnalogouslyShareds, is theontologysharedoy thelocal
ontolagies3 and4. Shared;934 indicategheontologysharedoy thetwo belav that
is Shared;, and Shareds,, andin this exampleis the application ontology itself,
heredenotedby Applicaion Ontolagy. If someontologes shareconceptghatare
not sharedoy otherontologieshenthereis areasorto createa new cluster A new

ontolagy clusterhereis a child ontology that definescertainnev conceptsusing
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the conceptsalreadycontainedin its parentontology. Ultimately, ontologiesare
likely to have conceptghat are not sharedwith ary otherontology. In our ontol-
ogy structure we thencreatea separatedomain-gecific ontology assubontology
of the clusterin which the ontologyresides.We refer to theseontologiesaslocal
ontologies. The local ontologes are the leaf nodesof our ontology hierarchy In
eachof the ontologiesin the structure conceptsaredescribedn termsof attributes
andinheritancerelationsholdingin the ontology’s structure.Conceptsare hierar
chically organisedandthe inheritance(with exceptions)allows the passingdown
of informationthroughthe hierarchy Multiple inheritances only permited within
theontologes.

Conceptsare expressedn termsof inheritedanddistingushing attributes. Inher
ited attributesare thoseexpressingthe similarities betweena parentconceptand
its siblings (the parentconceptcanbe definedin the ontology itself or in a parent
ontology). They describehe maincharacteristicef a concepthatarealsopresent
in its sub-conceptsA conceptthat specialises moregeneraloneinheritsall the
attributesfrom its parentconcept.

To thesetof inheritedattributesotherattributesareaddedo distinguishthe specific
conceptfrom themoregeneralbne. Theseattributesdescribethe characteristidif-
ference betweera conceptandits siblings. The distinguishingattributesareused
to mapconceptgrom a sourceontology into atamgetontolayy preservinghemean-

ing of theconcept.

3.7.2 Communication betweenresources

In the ontology structurepresentedn Section3.7.1 communicatn betweenre-
sourcess performedvia mappingfunctions(Section3.3). In this structuremap-
pingscanbe eitherpartial or total functionsandarenot necessarilysomorphc.

The remainderof this sectionoutlines how we ervisagethat communicatio be-
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tweentheresourcesn the ontologystructureis performed.Mappingsareencoded
in functions mappingconceptsbetweenthe ontologes composingthe structure,
thustransforming(becausesemanticgnight not be presered) conceptsfrom one
ontolagy, possiby repeatedlyinto its child or into its parentontolagy. Concepts
belongirg to oneof thelocal ontologesare mappednto conceptof anotherdocal
ontolagy via oneor moresharedntolayies.

In the reminderof this sectionwe will usetheterm sourceontology to denotethe
ontolagy containingthe concepthatis to be mappedwhereasve usethetermtar-
getontologyto denotethe ontologythe concepthasto be mappednto.

The ontolagyies in the structureare hierarchicallyorganised,and for this reason
transformingconceptdrom the sourceontology into conceptsn thetargetontology
maygenerallyconsisiof two typesof mappingsteps.Thefirst typeis generalisation
(from the conceptto its hyperrym in the sameor in a parentsharedontolagy). The
secondypeis specialisatia (from the conceptin the parentsharedontology to its
hyporymin thesameor in anotherontology). However, themeremappingof acon-
ceptthrougha generalisatiomnda subsequerdpecialisations notenoughjndeed
sucha mappingis guaranteedo presere the meaningonly if the conceptto map
hasa synorym in thelocal targetontolagy. If thisis notthe case the conceptwill
be mappednto a moregeneralone,andthusit will be anapproxinmation. Thisis
whathappensn the SIMS project[Arensetal. 1996]whereaqueryis reformulated
astheunionof its moregeneralconceptaisingthe relationshipholding betweera
classof conceptsandits superclass.To presere the meaning however, somecon-
straintscanbe added.

Themappirg betweerocal ontologiescanbe sumnarisedby thefollowing steps:

a) Theconcepthatneedso be mappeds identified. This steprequiresa deep
understandhig of the semanticassociateavith the conceptsand,thereforejt
canonly beperformedn asemi-autoraticway. A humanexpertis neededo

confirmthatthe conceptselectedareactuallysemanticalif related;
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b) Onceidentified,the conceptis mappednto thetermsof the sharedontology
immediatelyabove the sourceontology If a direct mappingdoesnot exist
thefirst hyperrym of theconcepis foundsuchthata mappingexistsbetween
the hyperrym anda conceptin the sharedontologyimmedately above. The

samemappingprocesss appliedto all the conceptsn thetargetontolog;
c) Thehyperrym of the concepis thenlocatedin the sharedontolayy;

d) The attributesof the conceptin the sourceontology are comparedwith the

attributesof the hypernym justfoundto selectthedistingushingfeatures;

e) Thenthe conceptexpressedn termsof the sharedontolayy, (thatis, the re-
lationshps holding betweenconceptsn the structureareidentified)together

with its distingushingattributesis passedo the parentsharedontology;

f) If in thetargetlocal ontologythereis a concepthatis a specialisatiorof the
onepassedo the sharedontology thenfor this local concepta mappingcan
bedefinedbetweertheoriginallocal conceptandtheonejustselectedlf not,
the proceduras recursvely applied,climbing up a level to the moregeneral

sharedontology

This kind of mappingobtainedby thesegeneralisatiorand specialisatiorstepsis
effective only if the sourceandthetargetconceptdave acommonancestothatis
not too high in the hierarchy otherwisethe generalisatiorstepscanleadto a too
generakncestarin this lattercase theinformation lossdueto the generalisatioris
too high, andthe mappingobtainedmight betrivial.

To avoid the lossof informationthatis intrinsic to a generalisationattributesand
relationslinking conceptsplay a crucialrole. In factthey not only allow theiden-
tification of the hyperrym of a concept(eitherin the sameor in a sharedontology)
but they alsoallow usto “attach” somecharacterisingnformation to eachconcept
thusgiving a distinction betweenrnthe concepttself andits parent. This type of in-

formationis modeledin thedistingushingattributes.
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Thisway of mappirg aconceptA into aconcepB is basedntheideaof findingthe
intersectionof the featureg(representedby the attributes)describingthe two con-
cepts.Theseshouldbetheattributesdescribingheclosestincestom thehierarchy
Then,themappings performedby transforminghe sourceconcepinto theclosest
ancestomandpassinghe distingushing attributes,andthen, possiby, by specialis-
ing theancestoin thetargetontology This specialisatiorstepinvolvesidentifying
the child conceptin thetargetontology, andthencreatinga mappingfunctionthat
mapsthe sourceconcepinto thetargetby takinginto accounthedistinguishingat-
tributesof both concepts.This processequiresa carefulsemantianalysisof both
conceptandtheir attributesandthereforecannotbe fully automatisd.
Relationshig shouldbe mappedby hand,sincethey might requiresomekind of

semantidransformationn orderto be maintainedn the cluster

3.7.3 Assessingsimilarity betweenconceptsto build the ontol-
ogy clusters

The structureof ontology clustersintroducedin Section3.7.1builds on the ability
of identifying similar conceptsn differentontolagies. Identifying which concepts
aresimilar andassessinghe degreeof semanticsimilarity betweerthemare,thus,
two essentiaktepsn the procesof building ontologyclusters However, assessing
thesimilarity betweerconceptsn diverseontologesis notatrivial taskbecausef
theheterogeneityhatcanaffect conceptsandtheir descriptions.

The problemof assessingemanticsimilarity hasreceved much attentionin the
artificial intelligencefield [Quillian 1968],[Collins andLoftus 1975]. In theseef-
forts, ‘semanticsimilarity’ refersto aform of semantiaelatednesssinganetwork
representationin particular Radaandcolleagueg§Radaet al. 1989] suggesthat
similarity in semantimetworkscanbe assessesolelyonthe basisof thelS-A tax-
onomy without consideringthertypesof links. Oneof theeasiestvaysto evaluate

semanticsimilarity in taxononiesis to measurehedistancebetweerthenodescor-
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respondingo the itemsbeingcomparedthatis the shorterthe path betweenthe
nodesthe moresimilar they are. This way of assessingemant similarity might
be usefulfor semantinetworks, but hasthe major dravbackof computingthe se-
manticdistancebetweerconceptsvhich have acommonancestarandthusit is not
suitablefor assessinghe similarity of heterogeneoucal ontologiesthat have to
be clustered Moreover, this methoddoesnot fully exploit the structureof the con-
cepts representatiorsinceit doesnot take into accountthe concepts description
in termsof attributes,relationshipsetc. thusmakingit moresensitve to synorym
andhomorym heterogeneity

In fact,only afew efforts areaddressinghe problemof facilitatingthe (semi)auto-
matic reconciliationof differentontolagies,andthey have beenmainly developed
for meging differentontologies. Reconcilingdifferentontologes involvesfinding
all the conceptsn the ontologes which are similar to one anothey determininig
whatthe similaritiesare, and eitherchangingthe sourceontologesto remove the
overlapsor recordinga mappingbetweenthe sourcesfor future referencelFrid-
manNoy and Musen2001]. Similarity in theseefforts is mainly lexical and not
semantic. Most systemsfor ontology meming rely on dictionariesto determine
synoryms, commonsubstring in the namesof conceptsandconceptsvhosedoc-
umentationsharemary unusualords. They do not take into accountthe internal
structureof conceptrepresentatioandthe structureof theontology

The ontology memging environment ChimaeraMcGuinnesset al. 2000] partially
considergheontologystructurein thatit assessesimilarity betweerconceptsalso
on the groundsof the subclass-sugrclassrelationshipand the attributesattached
to the concept. AnchorPROMPT [FridmanNoy and Musen2001] reconcileson-
tologiesby finding matdiing terms thatis, termsfrom differentsourceontologies
thatrepresensimilar conceptsAnchorPROMPT assessdsothlexical andsemantic
matchesxploiting the contentandstructureof thesourceontologes,andtheusers
actionsin memging the ontologes. By contentandstructureof the sourceontolo

gieswe meanthatnamef classesndslots,subclassesuperclassesomainsand

Page82



Chapter3 Therole of ontolbgiesin knowledgesharingandreuse

rangesof slotvaluesareusedto assesshe similarity (AnchorPROMPT is basedon
the Protage [Fridman Noy et al. 2000] knowledgemodel, which is frame-based)
. However, the methodusedin AnchorPROMPT is basedon the assumpbn that
if the ontologes to be meiged cover the samedomain,the termswith the same
namearelik ely to representhe sameconcepts.Suchanassumpbn is a goodrule
of thumb,but doesnot take into accountcasesf heterogeneitamongsourceon-
tologies. In fact, similar conceptsmight have differentnames,and be described
by attributeswith differentnamegqsynonymnmtermsheteongeneityasdefinedin Sec-
tion 3.5.2). Moreover, the hierarchicalstructureof the sourceontolagiesmight be
different,thusa certainsubclass-swgrclassrelationshipholdingin onesourceon-
tology mightnotholdin theothers.

In [Rodﬁguez and Egenhofer2002] the authorsproposea methodfor assessing
semanticsimilarity which takesinto accountthe differencesn the level of explic-
itnessandformalisationof the sourceontologes specifications.Also this method
doesnot requirean a priori sharedontology. The similarity betweenconceptsn
differentsourcesontologesis assesselly a matchingprocessover synorym sets
(thus accountingfor lexical similarity), semanticneighborhod, and distingush-
ing features. The useof distingushing featuresto assessimilarity enablesthe
authorsnot only to handlebinary similarity measurestypical of lexical similarity
(two termsare either similar or not), but alsoto considergradientsof similarity.
Thisis basedntheassumpon that,in orderfor conceptgo be consideredimilar,
they shouldpresensomecommonfeatures By assessingimilarity onthegrounds
of thedistinguishingandcomman featuresthis methodaccountdor thoseproblem
of synorym termsheterogeneityhatcanaffect bothconceptsandattributes.

In [Rodﬁguezand Egenhofer2002] the authorsarguethatfrom ananalysisof dif-
ferentfeature-basedanodelsfor semanticsimilarity hasemepged the necessityto
accounfor thecontext dependencef therelative importanceof distinguishingfea-
turesandasymmeatic characteristiof similarity assessmentfropertieshat dis-

tinguishsibling conceptgrom their parentarecalleddistinguishingproperties
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Themethodproposedy Rodﬁguezand Egenhofeiis basedon Tversky/'s[Tversky
1977] matchingprocesswhich producesa similarity value that dependson both
commonanddifferentcharacteristicA particularpropertyof the matchingmodel
is thatit is not a metric, thereforethe usualpropertiesor metrics(i.e. minimality,
symmetryandtriangleinequality)[Esposio etal. 2000]do nothave to besatisfied.
The asymmetricevaluationof similarity is importantto have similarity evaluatons
thatare‘tuned’ to peoplejudgementsFor example,cognitive studieshave shavn
that the perceved similarity betweena classandits superclasss greaterthanthe
percevedsimilarity betweera classandit subclass.

The novelty of Rodriguez and Egenhofers approachis that, in orderto take into
accountcommonand distinguishing featuresit extendsthe usualontology model
andit includesalsoanexplicit specificatiorof thefeatures By featureghe authors
collectively meanthe setof functions partsandattributes Functionsrepresenthe
intendedpurposeof the instancef the conceptthey describe. For examplethe
functionof auniversty is to educate Parts arethe structuralelementof a concept,
andthey do not necessarilyoincidewith thoseexpressinghe part-of relationship,
while attributescorrespondo additional characteristicef a conceptthatare con-
sideredto be neitherpartsnorfunctions.

The approactproposedcby Rodriguezand Egenhoferto assessimilarity between
conceptds basedon the enricheddescriptionof conceptghey propose.Of course
it couldbe arguedthatenrichingthe concepts'structureby distingushingbetween
parts,functionsandattributescangive rise to the articulationof new typesof mis-
matchesassociatedavith the classification®f features. However, the authorsclaim
thattheadvantage®f enrichingthe concepts structurenamelya matchingprocess
that comparesorrespondingharacteristicef conceptsandthe ability to distin
guish differentaspectsof the context, modelledby the features,overweigls the
possibledisadwaniagesderiving from a highernumberof mismatches.

We believe thatRodriguezand Egenhofers approacho assessemanticsimilarity

raisesanimportantissue which is that,in orderto be ableto have a betterassess-
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mentof semanticsimilarity (that givesalsogradientsof similarity andnot only a
binary function) it is necessaryo provide a richer descriptionof the structureof
the conceptsn the sourceontolagies. However, we believe thatthe distinguishing
featuresproposedn [Rodriguez and Egenhofer2002] overlap with the semantics
alreadymodelledby somerelationshipssuchaspart-of.

For this reasonjn Chapter4, we describean enrichedontology model,wherethe
conceptdescriptionsareenrichedwith metapropertiesharacterisinghe behaiour
of attributes,andmorepreciselythebehaiour of attributesovertime,the modalty
(i.e.,thedegreeof applicability of the propertyto subconceptgrototypical andex-
ceptionalproperties).Thesemetapropertiesf attributesshouldbettercharacterise
a concept,soto get a betterunderstandig of the conceptasit is usedin a spe-
cific contet, andto derive the formal meta-propertiesolding for the conceptand
describedn Section2.5.1.

3.8 Chapter summary

This chapteasbeendevotedto presentinganoverview on the problemof knowl-
edgesharingand reuseand, particularly focussingattentionon the possble ap-
proacheghat useontologiesto solve the problemof sharingknowledge. We have
first introduwced knowledge sharingand reuse,by giving an overview of the state
of the art. The terminolog in this areais sometines conflicting, andsowe have
devotedasectionto definingtheterminologythatwe usein thisthesis.
Oncehaving clarified the terminolog, we have describedmulti-agentsarchitec-
tures.Softwareagentsarenot centralto this thesis althoudn they cannotbeignored
in the context of knowledgesharingandreuse sincemary systemdor knowledge
sharingexploit agentarchitectures.The agentparadigmbecomeselevantalsoto
discusghe problemghatcanhindersharingknowledgebetweerheterogeneous-
sources.In orderto do so we have analysedand classifiedthe differenttypesof

heterogeneityhatcanaffect resourceslevelgpedfor differentpurposes.
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After introducingthe differenttypesof heterogeneityve have thenillustratedthe
diverseapproachepresentedh theliterature with theirmainadwantagesnddraw-
backs.To thesewell-known approachewe have addeda novel proposafor knowl-
edgesharingthat we have namedontolagy clustering which motivatesthe ontol-
ogy modelthatis objectof this thesisandthatis presentedn next chapter This
approachs basedon an hierarchicalstructureof multiple sharedontologes, that
permitsknowledgeatdifferentlevelsof abstractiorio beshared We have presented
the structureof multiple sharedntologesandwe have briefly illustratedhowv map-
pingsareperformedin this novel approacho knowledgesharing,calledontology
clustering.Ontology clusteringreliesontheability of assessingemanticsimilarity
betweerconceptsandto assesslifferentdegreesof similarities. We have reviewed
differentapproacheshat have beenpresentedn the literature,and we have con-
cludedthatthe onesdevelopedto assessimilarity for semanticnetworks are not
suitable mainly because¢hey requirethata sharedontologyhasalreadybeenbuilt.
We have followed the approachby [Rodriguez and Egenhofer2002], which uses
the Tvarskianmatchingfunctionto assessemanticsimilarity. In orderto usesuch
matchingfunction, the approachproposedo extend the conceptdescriptionsby
addingso called distinguishirg featues We have decidednot to adoptthe same
distingushing featuresproposedn [Rodriguez and Egenhofer2002], mainly be-
causethe onesthey proposeseemto overlap semanticalreadymodelledby some
relationshipssuchaspart-of. Our proposals to augmenthe conceptdescriptions
with attribute metapropertiegMutability, Mutablity frequeng, Reversiblemuta-
bility, Eventmutablity, Modality, Prototypicality Exceptionally, InheritanceDis-
tinction) which describethe behaiour of attributesin the conceptdefinitions,and
thereforecanhelpin detectingthe differenttypesof heterogeneityMoreover, the
proposedattribute metapropertiesanbe usedto determinethe conceptmetaprop-
erties(thatis, identity, unity, rigidity anddependenc@Nelty and Guarino2001])
thathold for a concept.In this way the conceptdescriptionwe proposen the next

chaptercansupportthe OntoCleammethoddogy presentedn Section2.5.1
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The following chapterdescribesthe novel ontology model that includesthe at-

tributesmetaproperties.
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Chapter 4

A conceptualmetamodelto support ontology
clustering

4.1 Intr oduction

In Chapter3 we have introduceda structureof multiple sharedontologes thatis
thoughtto be more scalableand maintainable. One of the dravbacksof sucha
structure,though,is that it requiresthe matchingof conceptsfrom the local re-
sourceontologesinto the correspondingharedconcepts. The processof recog-
nising candidateconceptgo be meigeddepend$eavily on semanticsandis quite
demandingo performin thatit requiresa deepknowledgeof the domainin or-
derto determinewhich conceptsaresimilar. For this reasorthe processs usually
performedby hand, since presentlythere are no prospectdor a full automatsa-
tion. It seemshowever, potentialy feasibleto provide a semi-automatic process,
wherea computeridentifies possiblecandidatesbut the final choiceis left to the
domainexperts. If the ontologesto be mergedarebuilt by differentdevelopment
teamdfor differentpurposesasassumedn previouschapterit is necessaryo pro-
vide theknowledge engineersvho arein chage of designinghe sharedntologies
with a deepunderstandin@f the ontologesto be integrated. Moreover, from the
perspectre of semi-automatic ontolagy merge, providing thealgorithmperforming
theontology mergingwith enrichedsemantic®f theconceptgivesbetterprospects
for theinclusionof conceptghataretruly semanticail relatedin thelist of candi-

dates.
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In this chaptemwe introduceandmotivateanextendedconceptuaimodelfor ontolo-
gieswhich explicitly representattribute metapropertiesBy conceptuaimodelwe
meanthe knowledgeengineers evolving conceptionof the domainknowledge. It
is the knowledgethat actuallydetermineghe constructionof a formal knowledge
base.A conceptuamodelis anintermedate designconstructa templateto begin
to constrainand codify humanskill, it is neitherformal nor directly executableon
acomputerfLuger 2002]. A conceptuaimetamodeis a metalevel on the concep-
tual modelwhich describesow the elementf the conceptuamodelare usedto
describethe objectsof theworld.

In the following section(Section4.2) we presentour proposalto extendthe con-
ceptualmetamodefor ontologiesby addinga setof metapropertie$or attributes.
Sectiond.3andsubsectionanalysethreekindsof problemwhich canbenefitfrom
thesemantianformationmodelledby the metapropertiese add. We thendescribe
how thisenrichedconceptuaimodelcanbeinstantatedin aframe-base&nowledge
model(Section4.4) which we describan detailin Section4.5,thenwe discusghe
expressve power of thismodel(Section4.6andwe relatethe semantianformation
to the motivationsillustratedin Section4.3 (Section4.7). Finally, we summarise

the chaptercontributionsin Section4.8.

4.2 Metapropeaties for attrib utes: the conceptwal meta-
modd

In the conceptuaimetamodelwvhich is the objectof this sectionconceptsare de-
scribedby their characterisindeatures.We alsodescribethe metapropertiefold-
ing for thesecharacterisindeaturesby describinghebehaiour they show in defin-
ing aconcept.We have calledthesemetapropertieasattribute metapoperies, be-
causea concepts characterisindeatureis usuallymodelked by associating setof
valueswith anattribute.

This conceptuaimetamodeis basedon the metapropertie®f formal ontological
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analysisthat have beenpresentedn Section2.5.1and it resultsfrom enriching
the usualconceptuaimodel (describedin Section2.3) with a setof metaproper
tiesfor attributes(namely Mutability, Mutability FrequencyReversible Mutability,
EventMutability, Modality, Prototypicality, Exceptionality Inheritance Distinc-
tion) which preciselycharacterisethe concepts propertiesand expectedambigu-
ities, including which propertiesare prototypcal of a conceptand which are ex-
ceptional,the behaiour of propertiesover time andthe degreeof applicability of
propertieso subconceptsThis enrichedconceptuamodelpermitsa precisechar
acterisatiorof whatis representedby classmembershigpnechanisms&ndhelpsa
knowledgeengineetto determinejn a straightforvard manneyrthe metaproperties
holdingfor a concept.

The setof metapropertiesf attributeswe definein this thesismight be helpful to
dealwith ontology heterogeneitproblemsn two ways.Ontheonehandthemodel
complementshe setof formal ontologcal propertieproposedn [Welty andGuar
ino 2001], namelyldentity, Unity, Rigidity, and DependencégseeSection2.5.1).
Oursetof metapropertiesanguidein assigningheconcepimetapropertiedefined
by GuarinoandWelty to conceptsandthe procesof assigninghe metaproperties
depend®ntheconcepdefinitiors in termsof attributes. This mightbe particularly
usefulwhen knowledgeengineerseedto assignformal propertiesto ontologies
thatthey have notdesigned.

Ontheotherhand,this conceptuametamodefor ontologesfacilitatesa betterun-
derstandingf the concepts’'semantics.Currently ontology memging is performed
by handbasedon the expertiseof the knowledge engineersand on the ontology
documentationEvenin this casethe ontologymodelwe proposecanprove useful
by providing a characterisatioof the propertieswhich canhelpto identify seman-
tically relatedterms.

In theremaindeiof this sectionwe briefly describehe metapropertiefor attributes

onwhich our conceptuametamoel is based.
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e Behaviour of conceptspropertieover time: Themetapropertieashichmodel

thebehaviour of the attributesovertime are:

— Mutability, which modelstheliability of aconcepts propertyto change,

apropertyis mutableif it canchangeduringthe concepts lifetime;

— Mutability Frequencywhich modelsthe frequeng with which a prop-

erty canchangen a concepts description;
— EventMutability, whichmodelsghereasonsvhy apropertymaychange;

— Reversible Mutability, which modelsreversiblechange®f the property

Thesemeta-propertiedescribethe behaiour of fluentsovertime, wherethe
term fluentis borraved from situationcalculusto denotea propertyof the
world that canchangeover time. Modelling the behaiour of fluentscorre-
spondsto modellingthe changesn propertiesthat are permited in a con-
cept’s descriptionwithout changingthe essencef the concept. Describing
thebehaiour overtime alsoinvolvesdistingushingpropertiesvhosechange
is reversiblefrom thosewhosechangds irreversible.

Propertychangesver time are causeckitherby the naturalpassingof time
or aretriggeredby specificevent occurrencesWe need,therefore,to usea
suitabk temporalframewvork that permitsusto reasonwith time andevents.
In Section4.7.1we choseEventCalculus[K owalskiandSegot 1986]to ac-
commalatetherepresentatioof changes.

We furtherdiscusghebehaviour of attributesovertimein Sectiord4.7.1.

e Modality: Thetermmodalityis usedto expressheway in which a statement
is true or false,which is relatedto establishmg whethera statementonsti-
tutesa necessaryruth andto disinguishnecessityfrom possbility [Kripke
1980]. Thetermcanbe extendedo qualitatvely measurgheway in whicha
statemenis true by trying to estimatehe numberof possibé worldsin which

sucha truth holds. This is the view we take in this work, by denotingthe
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degreeof confidencahatwe canassociatevith finding a certainworld with
the meta-propertynodalty. The additioral semanticencompasseby this
metapropertyis importantfor reasoningwith statemerd that have different
degreesof credibility. Indeedthereis a differencein assertingactssuchas
‘Mammalsgive birth to live young’ and‘Birds fly’, theformeris generally
more believable thanthe latter, for which mary more counterg&amplescan
be found. The ability to distinguishfactswhosetruth holdswith different
degreesof strengthis importantin orderto find which factsaretruein every
possibleworld andthereforeconstiute necessaryruth. We furtherelaborate

this pointin Sectior4.7.3

e Prototypesandexceptions:We partially take the cognitive view of prototypes
andgradedstructuresyhichis alsoreflectedby theinformationmodelkedin
the meta-propertynodality. In this view all cognitive cateyoriesshown gradi-
entsof membershipvhich describehow well a particularsubclasdits peo-
ple’sideaorimageof thecateyoryto whichthesubclas®elong[Rosch1975].
Prototypesarethe subconcepts/hich bestrepresena catayory, while excep-
tions arethosewhich are consideredexceptionalalthoughstill belongng to
the category. In otherwordsall the sufficient conditionsfor classmember
shiphold for prototypesFor exampk, let usconsiderthe biological cateory
mammal a monoteme(a mammalwho doesnot give birth to live young)is
anexampleof anexceptionwith respecto the propertyof giving birth to live

young.We furtherdiscusghesemetaproperties Section4.7.4.

¢ InheritanceandDistinction: inherited meta-propertiesegardthoseproperties
thathold becausénheritedfrom anancestoconceptthey maybe overruled
in themorespecificconcepin orderto accommodateheritancewith excep-
tions. Distinguishingarethosepropertieghatpermitusto distingushamong
siblingsof a sameconcept. In otherwordsa distingushing property¢ is a

propertysuchthatedz ¢(x) A oJz —¢(x), thatis thereis possiblysomething
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for whichthe property¢ holds,andthereis possbly somethingor whichthe

propertydoesnot hold, andtheseareneithertautologcal nor vacuougWelty

andGuarino2001]. Distinguishingpropertiesmight causedisjoint concepts
in the ontolagy’s taxonomicstructure.This pointis furtherdiscusedin Sec-
tion 4.6.

4.3 Extending the concepual metamodel

Theinterestin designng ontologesthatcanbeeasilyintegratedandprovideabase
for applyingreasoningmechanism, aspointedoutin Chapter3, hasstressedhe
importanceof suitableconceptuamodelsfor ontologes. Indeed,it hasbeenmade

a point that the sharingof ontologes dependsheaily on a precisesemanticrep-
resentatiorof the conceptsand their properties[Fridman Noy and Musen1999,
McGuinnes22000, TammaandBench-Gpon2000].

Themotivationfor definingaconceptuaimetamoel, whichassignsttribute metaprop-
ertieswith anontolagy conceptuamodel,dravs onthefollowing argumentsvhich

we discussn theremaindelof this section:

To representonceptgropertiesandhelpin determiningconceptmetaprop-

erties,thusfacilitatingthe ontologicalanalysis;

To make ontologicalcommitnmentsexplicit by representinglsothe hidden

assumponsmadein the conceptualisatio;

To disamliguatebetweenconceptghatseemsimilar bothwhenmeiging on-

tologesandwhenreasoningvith sharecknowledge;

To betterunderstandhe conceptghatarein the domain,by:

— knowing whatcansensiblybe saidof athing falling undera concept,
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— recognisingvhich propertiesareprototypical for classmembershi@and

which arethe permittedexceptions,

— distinguishingon what extentan arbitrarymemberof a classconforms
to the prototype,understandig how andwhich propertieschangeover

time.

4.3.1 Nature of ontologies

Thefirst agumentis basedon the natureof ontologesasviews on a particulardo-
main. Ontologesexplicitly definethetypeof conceptsisedto describeheabstract
modelof a phenomenio andthe constrainton their use[Studeret al. 1998]. An
ontologyis ana priori accountof the objectsthatarein adomainandtherelation-
shipsmodeling the structureof the world seenfrom a particularperspectie. In
orderto provide suchanaccountonehasto understandhe conceptghatarein the
domain,andthis involvesa numberof things.It involvesknowing whatcanbe sen-
sibly saidof a thing falling undera concept.This canberepresentetly describing
conceptdn termsof their propertiesandby giving a full characterisatioof these
properties. Thus,whendescribingthe conceptBird it is importantto distinguish
thatsomebirdsfly andothersdo not. A full understandingf a conceptinvolves
morethanthis, however: It is importantto recognisewhich propertiesare proto-
typical [Rosch1975] for the classmembershipand, moreimportantly which are
the permittedexceptions Thereare,however, differencesn how confidentwe can
be thatan arbitrarymemberof a classconformsto the prototype:it is a very rare
mammalthatlays eggs,whereasnary typesof well known birdsdo notfly.
Understandinga conceptalso involves understandig how and which properties
changeover time. This dynamicbehaiour alsoforms part of the domainconcep-
tualisationand can help to identify the metapoperies holding for the concepts
properties.

It mightbearguedthatthis kind of of knowledgehasnot anontological nature but
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ratheranepistemione,andto someextentwe do agreewith this criticism. But on-
tologiesshouldprovide anactualaccountof a specificviewpoint on a domain.We
believe thattheability of ontologesto facilitatethe sharingandreuseof knowledge
andreasoningwith the instantiaton of this knowledgecanbe improvedif the for-
mal metalevel of the descriptionis complemergd by aricherconceptdescription.
Ontolog is alreadyusedmorebroadlyin computersciencethanphilosghy: if we
needalsoto include epistemicnotionsto resole the issueshat compuer science
ontolagiesaresupposdto addressywe shouldnot be stopped by any consideration
of ontological purity. Indeed,it hasalreadybeenstatedin Chapter2 (Section2.2)
that thereis a cleardistinction betweenthe philosophical notion of ontolayy and
the notion of ontolagy in artificial intelligence(Al), andthusin computerscience.
The philosophcal notion regardsan ontology asa particularsystemof cateyories
accountingor a certainvision of the world, andthis systemof categoriesremains
always the same,independentlyof the languageusedto describeit. In artificial
intelligence,an ontology is regardedas an engineeringartifact, which is consti-
tutedby a specificvocalulary describinga specificreality, andby a setof explicit
assumpbnsaccountingor theintendedmeaningof termsin thevocaklulary [Guar
ino 1998]. Ontologiesaccordingto this notion, rangein a spectrumwhereformal
ontolagiesareatoneend,while something closeto knowledgebase®or evensimple
taxononiesof termsis attheotherend.For example,in somee-commerceapplica-
tions, ontologes canjust be taxonomiesf terms,suchasthe oneusedin Yahoo!
which hasno attributesdescribingthe conceptsandno relationshipetweencon-
ceptsandno axioms[LassilaandMcGuinnes2001].

Whenwe considerontologesfrom a purephilosophicalperspectie, they areana
priori descriptionof whatconstituesnecessaryruthin all possibé worlds[Kripke
1980]. It is this formal postureon ontolagiesthat makesit possibleto addto on-
tologiesametalerel of descriptiorandthusto reasoraboutmetapropertieguarino
andWelty 2000c].

Our view on ontologies,given thatthey make a resourceconceptualisatin of the
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domainexplicit, is someavherein the middle of this spectrum:ontologiesshould
provide sufficient informatian to enableknowledgeengineergo have a full under
standingof aconceptasit is in thedomain(thatis in therealworld), but shouldalso
enableknowledgeengineerso performaformal ontologcal analysison thesecon-
cepts.If ontolaggiesareseenin this perspectie, thenthe boundarybetweerwhatis
to be considereantologcal knovledgeandwhatis epistemicknowledge becomes
blurred.

The reasonfor addingthe attribute metapropertie$o the usualconceptuamodel,
making even more demandinghe processof building ontologiesfrom scratch,is
that we believe that ontologies shouldbe compatiblewith an a priori accountof
necessaryruthin all the possble worldsbut alsoprovide someinformation on the
actualworld andall theworlds accessibldrom it. It shouldstatenot only whatis
necessarilyrueimplicitly, but alsowhatis seerasnecessarilyruefrom a particular
standpoint.

Theenrichedsemanticshatcharacterisethe conceptuametamoe! we proposean
thisthesispermitsusto dealwith mismatcheshatcanbecomeapparentvhenmeigy-
ing ontologiesndependentlyleveloped or whenreasoningvith sharedknowledge,

asillustratedis the next two subsections

4.3.2 Merging diverseontologies

The secondargumentconcernghe integration of ontologes. The ability to meige
ontologiess essentiato build the structureof multiple sharecontologesdescribed
in Section3.7.1.In fact,meging ontologesinvolvesidentifying semanticaif over-
lappingonesandcreatinga newv one,usuallyby generalisinghe overlappingcon-
cepts.This new conceptinheritsall the (compatible)propertiesof the originalsand
socanbe easilymappednto eachof them.Newly createdconceptsnherit proper
ties,usuallyin theform of attributes,from eachof the overlappingones.However,

thereare casesashighlightedin [Welty and Guarino2001],in which recognising
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overlappingconceptss not sufficient to guaranteg¢hata suitablegeneralisingcon-
cept(expressinghe sharedviewpoints) canbe found.

Oneof thekey pointsfor memging diverseontolagiesis providing methodobgiesfor
building ontologieswvhosetaxonomc structures “clean” (thatis, not very tangled)
in orderto facilitatethe understandig, comparisorandintegrationof conceptsin-
deed,aswe alreadymentiored in Section3.7.1we assumaen this thesisthat the
individual ontologiesto be melged are soundandlittl e, if at all, no tangled. We
have alreadydescribedn Section2.5.10ntoCleanthe methodolgy basedon for-
mal ontologicalanalysigWelty andGuarino2001],which evaluatestheontological
decisiongakenwhile building theontology. Thistype of evaluationis basedonon
a rigorousanalysisof the ontolagical metapopertiesof taxononic nodes,which
are basedon the philoshical notionsof unity, identty, rigidity anddependence
[Welty andGuarino2001]andthatwe have describedn Section2.5.1.

Whenthe knowledgeencompasseith ontologes built for differentpurposesieeds
to be melged mismatches(due to the differenttypesof heterogeneitythat might
affect ontologies) can becomeevident. Many typesof heterogeneityn ontolo-
gies have beendefinedin the literature as we have alreadyseenin Section3.5,
and the ontology environments currently available try to deal someof the con-
flicts that canarisewhen meiging ontologies,suchas SMART [FridmanNoy and
Musen1999] and CHIMAERA [McGuinnesset al. 2000]. For the scopeof this
discusspn we broadlygroupheterogeneityypesinto two types: syntacticandse-
mantic. Mismatchesarisingbecaus®f syntactc heterogeneitganbe detectedand
resohed semi-automadtally with limited interventian from the domainexpert(see
Section3.5.1). Mismatcheglueto semanticheterogeneityequirea deepeknowl-
edgeof thedomain(Section3.5.2). Exampleof conflictscausedy semantichet-
erogeneitycan be found in [McGuinnesset al. 2000, Tammaand Bench-Capon
2000]. Adding semantis to the conceptdescriptionscanbe beneficialin solving
thislattertypeof conflict,becausaricherconceptescriptiorprovidesmorescope

to resol\e possibé mismatchesIn particular the attribute metapropertiesn which
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the conceptuametamodebuilds canbe usedto disambguateconceptghat seem
similar, on the assumptn that candidatesimilar conceptsare describedby the
sameattributeswhich showthe samebehaviourin the concepts definition. More-
over, attribute metapropertiesomplementhe conceptanetapropertieslefinedby
Welty and Guarino[Welty and Guarino2001], and canthus help to evaluate the
taxonomicstructureof the individual ontologiesto be meigedandto make it less

tangled.

4.3.3 Reasoningwith shared knowledge

Thelastargumentto supportthe ontologyconceptuametamodelve discusgurns
ontheneedto reasorwith theknowledgeexpressedn theontologes. Indeedwhen
differentontologesareintegrated,new conceptsarecreatedrom the definitionsof
the existing ones. In sucha caseconflicts canarisewhenconflicting information
is inheritedfrom two or more generalconceptsaandonetries to reasonwith these
concepts. Inheriting conflicting propertiesin ontologes is not as problematt as
inheriting conflicting rulesin knowledgebasessincean ontology is only provid-
ing the meandor describingexplicitly the conceptualisabn behindthe knowledg
representedn a knowled@ base[Bernalasetal. 1996]. Thus,in aconceptdescrip-
tion conflicting propertiescan coexist. However, when one needsto reasonwith
theknowledgein sharedontologes, conflicting propertiescanhinderthereasoning
process.In this caseextra semantianformationon the properties canbe usedto
derive which propertyis morelik ely to applyto thesituationat hand.For exampk,
the ability to evaluatethe degreeof confidencan a propertydescribinga concept
canbe usedto resole mismatcheshatcanariseif a conceptanheritsconflicting
propertiesln orderto beableto reasorwith theseconflictssomeassumptinshave
to bemade,concerningon how likely it is thata certainpropertyholds Of course,
suchsophisicatedassumpionscannotbe madeautomaticallyandareleft to knowl-

edgeengineersvho are assistedn this delicatetaskby a systempresentinghem
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with themostlikely options

4.4 Moving from the knowledgelevel to the symbdic
level

Thediscussdnin Section4.3hasarguedin favour of a conceptuaimetamodelmo-
tivatingthechoiceby aguingthatmoresemantianformationis requiredto beable
to meige ontolagiesefficiently and/oreffectively andto reasorwith theknowledge
resultingfrom the mege processIn this sectionwe move from the ontologylevel
to the symbolc level [Newell 1982] by describinga possble implemenation of
the conceptuametamodeinto a knowledg metamodel By knowledg@ modelwe
denotea precise,human-readablspecificationfor a representatiomf declaratve
knowledge. Thatis, a knowledgemodelis a setof predicatesand functionsex-
pressedn somelogical kind of calculuswhichformally andconsisterly defineshe
meaningof every constructvailablein therepresentatiofGrossoetal. 1998]. The
knowledgemetamoe!l we proposeaddsa metalevel descriptionto a frame based
knowledgemodel.We enrichthis modelby characterisingttributeswith respecto
therolethey playin the conceptdescriptionandby describingtheir behaiour over
time.

In thisthesigheinformationencompasseid this enrichedconceptuaimetamodeis
representedtthesymbadic level by usinga frame-base&nowvledgemodelOKBC-
like [Chaudhrietal. 1998]. Theadwantage®f usingsucha knowledgeparadignto
implementheconceptuametamodeis thatwe cannaturallyrepresenthemetaprop-
ertiesby addingto the conceptdescriptiona setof additionalfacetsrepresenting
them.

Attribute metapropertiesould be addedto any ontology model, but frame-based
representatiosystemsare though to be simplerto useand easierto understand
than other ontology representatiorsystemssuch as first order logic, description

logic, etc[LassilaandMcGuinnes2001].
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We have illustratedin Table 2.2 (Section2.4) the propertiesthat shouldhold in
order for somethingto be consideran ontology. Frame-basedanguagedor on-
tologiessuchasOntolingua [Farquharet al. 1997]and paradigmssuchas OKBC
[Chaudhriet al. 1998] embedthesefeaturesin the languagesyntax(becausehey
arebasedon KIF [Geneseretlet al. 1992], which providesa well-definedseman-
tics) We have to notethatany knowledge modelfor ontologescouldaccommodate
themetapropertiefor attributeson whichtheconceptuametamoe! builds. There-
fore, althoudh weimplemenédour metamodein aframebasedepresentatiorthis
is not mandatory The knowledgemetamodels describedn the following section

andsubsections.

4.5 The proposedknowledge metamadel

In this sectionwe introdwce the frame-basedknowledge modelwe have extended
to accommodatéhe attribute metapropertiethatwe have discussedn Section4.2.
The knowledgemodelwe useis inspiredby OKBC [Chaudhriet al. 1998], and
thereforesupportsan object-orientedepresentatioof knowledge. In particular
we usedOKBC Lite [Karp etal. 1999],which is describedy a subsebf the slots
andfacetsof the standardOKBC. We chosethe OKBC modelsinceit is widely
acceptedy theontology communiy andcouldbeeasilyextendedo accommodate
theadditionalfeatures.

It is worth notingat this pointthatwe have usedthe OKBC modelonly asa support
for the proof of conceptsandthattherearesomedifferencebetweerthe modelwe
proposeandthe OKBC knowledge model, namely the setof facetswe defineis
largerthanthe onedefinedin OKBC-Lite. Ouraimis notto build anew knowledge
modelfor ontologesbut to supporta semanticallyenricheddescriptiorof attributes
whendefiningconceptsn ontologies.

The OKBC knowledge modelis basedon the notiors of classesslots andfacets

Classescorrespondo 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.
Classesredescribedn termsof slots or attributes,that caneitherbe setsor sin-
gle values. A slotis describedby a name,a domain,a valuetype andby a setof
additioral constraintsherecalledfacets Facetscancontainthe documentatiorfior
a slot, constrainthe valuetype or the cardinality of a slot, andprovide furtherin-
formation concerningthe slot andthe way in which the slot is to be inheritedby
thesubclassedderewe presenpur extensio to the OKBC knowledgemodel,this
extensbn mainly regardsextendingthe setof standardslotsandfacetsprovided by
OKBC in orderto encompasslescriptionsof the attribute andits behaiour in the
conceptdescriptionandasit change®vertime.

In the following sectionswe describethe main entitiescomposng our conceptual
metamodeland we describetheir implemenation in the OKBC like metamodel.
This descriptionis not meantto be exhausive, but just to give an exampk of how
the enrichedsemanticconceptuametamodeltould be implementedn an OKBC
like knowledgemetamodel For this reasonmostof the definitionsaretakenfrom
the OKBC protocol[Chaudhriet al. 1998],to which we refer throughat the sec-

tion, andwe describean thedetailonly the suggestedxtensiors to the protocol.

45.1 Classesyoles,instancesand individuals

A classis definedas a setof entities,and eachentity belongng to this setis an
instarce of the class. Suchentitiescan be either conceptsor roles, andthey are
distinguishedandlabelledaccordingly Entitiesthatare not classesare calledin-
dividuak. Conceptsandindividualsin the conceptuametamodeproposedy this
thesisare definedconformingto the OKBC protocoldefinitionfor classesandin-
dividuals[Chaudhriet al. 1998]. Classesare relatedto instancesuy the relation
instarce of andby its inverserelationtypeof. Classesarerelatedto otherclasses

by therelationsupeclassof andby its inversesubclasf, definedasin [Chaudhri
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etal. 1998]. Therelationssupeclassof andsubclasof organiseclassesierarchi-
cally thusdetermininghe IS-Ahierarchy

Classearealsousedto representoles which canbethoughtof describinghepart
playedby a conceptin a specificcontect, (a morecompletediscussbn onrolesis
postponedo Section4.7.2). Sowe maintan a frame-like syntaxfor rolesaswell.
Conceptsaredistingushedfrom rolesby addingthe facet:CLASS-TYPE to the set
of facets,andthis cantake asvalue either Concept or Role , and by defining
the classwhich playstherole thatis beingdescribedseeSubsectiort.5.5). It is
importantto noteherethatwe arenot concernedvith the problemof supportinga
role representatiom the syntaxof theconceptuametamodelThe problemwe are
concernedvith is to provide knowledgeengineersith enoughsemantianforma-
tion in orderto enablethemto recognisea role anddistingushit from a concept.
By representingolesasclassesve enablethe definition of role instancesaandthe
creationof a IS-A hierarchyfor roleswhich is separatdrom the onefor concepts
(seeSubsectiort.5.4).

Picture4.1showvsthe setof facetsdescribinga genericslotin theknowledge meta-

modelwe proposeandwhichis derivedby OKBC Lite.

45.2 Frames,slots,and facets

If theframerepresenta classthenit is associatedvith asetof templag slots which

describepropertiesof the subclasseandthe instancesf the class. Own slotsare
alwaysassociateavith avalueor a setof values.

In line with the definition of framesin OKBC, the knowvledgemetamodeive pro-

poseheredefinesa frameasa primitive objectrepresentingn entity of thedomain
we aredescribing Framesanrepreseneitherclasse®r individuals.In theformer

casethey arecalledclassframesandin thelatterindividual frames

A frameis associatedvith a setof own slotswhich describethe direct properties

of the entity representedby the frame, thatis own slotsdescribeattributeswhose
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Frame

—Slot 1
I Slot 2

—Slot j

Value-Type
Inverse
Cardinality
Numeric-Min >
Numeric-Max
Max-Cardinality
Min-Cardinality

OKBC-Lite
facets

Class-Type

Value-Label
Value-Prototypes
Value-Exceptions
Value-Modality
Value-Change-Frequency
Value-Change-Events
Documentation

> Additional
facets

Figure4.1: TheadditionalandstandardDKBC facetsof theknowledge metamodel
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valuemustbethesamefor all instance®f the concept.Eachown slotis associated
with a setof entitiescalledslot values moreformally for eachvalueV associated
with anown slot S of aframeF theown slot Sis abinaryrelationholding between
theentityrepresentetly F andthe entity representetly V. Eachownslot hasasso-
ciatedwith it a setof ownfacetswhereeachownfacetof aslotSis associateavith
asetof facetvalues A facetdefinesaternaryrelationsuchthatfor eachvalueV of
own facetFaof slotS of frameFr, therelationFa holdsfor therelationS, the entity
representetly V andtheentity representedly Fr.

Templateslotscanbe associatedvith eithera valueor a class,andrepresenthose
attributeswhosevaluemay be differentfor eachinstanceof a concept.The values
associateavith templateslotsareinheritedto subclassem thethe classhierarchy
andto instances.For eachvalueV of a templateslot S of a classC, S definesa
binary relationshipbetweenthe classrepresentedby C andthe entity represented
by V. Thisrelationslip in turnholdsfor all thesubclasseandall theinstance®f C.
A templateslot of a classframeis associatedvith a setof templae facetsthat
describeown facetsfor the correspondingwn slotsof eachinstanceof the class.
Also the valuesof templatefacetsareinheritedby the subclasseandtheinstances
of the class. A facetformally definesa ternaryrelation Fa that holdsfor relation
representedby the templateslot S, the entity representetby valueV andthe class
representetdy the classframeC.

The knowledge metamodelwe proposecan also accommodateénstantiatedrela-
tionshipsbetweenrentitiesof the domain,following the OKBC knowledgemodel.
Relationsmay thusbe representedthy framesaswell, and particularlyby describ-
ing aslotor afacetasaframe. This framedescribeghe definingpropertiesof the
relationrepresentetby the slot or the frame. Suchframesarecalledin OKBC slot
frameif representin@ slotandfacetframe if representingfacet.

Justa brief noteon slotsandfacetsfor roles:they arethe sameasthoseusedto de-
scribeconceptshut we assumehatthoseslotsandfacetsfor which a valuewould

not be appropriatevhendescribingroleswould not be includedinto the classde-
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scription

4.5.3 Primiti ve and Non-Primiti ve Classes

As in OKBC, we alsodistinguishbetweemrimitive andnonprimitive classesThis
distinctionis importantbecausdor the valuesasssociatedith the descriptios of
slotsandfacetsin our knowledgemodel (thustemplateslots valuesand template
facetvaluesin OKBC) usuallyspecifya setof necessarnandsufficient conditions
for beinganinstanceof the class. On the otherhand,for whatconcerngrimitive
classeghevaluesassociatedavith the descriptims of slotsandfacetsin our knowl-
edgemodelspecifynecessargonditionsonly. Primitive andnon primitive classes
arefeatureghatOKBC inheritsfrom descriptioniogic, which useshemto provide
necessanandsufficient propertiesfor classinstancesthey enablean objectto be

recognisedsaninstanceof aclass.

4.5.4 The pairs frame-dot and slot-facet

In our knowledgemodelwe assumehatfor eachframea setof slotsis definedand
for eachslotattachedo a frameit is associateavith a collectionof facetsjn away

suchthatafacetFais associateavith apair Fr-S (frameslot) if thefacethasavalue
for theslotattheframeandanalogouly aslotSis associateavith aframeFr if the

slothasavalueattheframeFr.

A facetdoesnot alwaysassociate singlevaluewith a slot. In fact, if the concept
that is being describedis a generalone (thus locatedin the higherlevels of the

hierarchy)thenis highly likely thatone or morevaluesare associateavith a slot.

In our modelwe assumehesevaluesto be sets thereforecomprisng anunordered
collectionwithout multiple occurrences.The sameassumpbn is madein OKBC

to avoid the problemsarisingfrom alack of suitableformal interpretatiorfor:
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e multiple slotsor facetstreatedasunorderecr orderedcollectiors of objects

with possiblymultiple occurrencesf the samevaluein the collection

e the orderingof valuesin thosecollectionsof valueswhich are orderedand

resultform multiple inheritance;

e the multiple occurrenceof valuesin thoseunorderedcollectionsthat result

from multiple inheritance;

455 Standard classesslotsand facets

We assuméherethatour knonvledgemodelincludesonly a subsebf the collections
of classesslotsandfacetswith pre-specifiechameandsemanticsthatareprovided
by the OKBC standardWe have selectedhe mostcommanly usedslotsandfacets
asin OKBC-Lite [Karp etal. 1999], a simgdified versionof OKBC. The standard
classesare not consideredmandatoryfor representinga concept,but if they are

used thenthey have to satisfythe semanticspecifiechere.

Classes

The following standardclassesare definedin OKBC-Lite andthe modelguaran-
teesthattheir namesarevalid valuesfor the :VALUE-TY PE facetdescribedn Sec-
tion4.5.5:;

Thing
:THING is assumedo betheroot of theclasshierarchyfor any ontology, thatis the

superclassf every classin every ontology

Class

:CLASS is the classof all classes.In otherwordsary entity thatis a classis an
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instanceof CLASS.

Individual
'INDIVIDUAL is the classof entitiesthatarenot classesIn otherwordsary entity

thatis notaclassis aninstanceof INDIVIDUAL.

Number
‘NUMBER is theclassof all numbersandis a subclas®f INDIVIDUAL. We do not

malke ary specificassumptyin onthe precision.

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

sumpton is madeonthe precisionalsofor :INTEGER

String

'STRING is theclassof text strings.It is asubclas®f INDIVIDUAL

Standard facets

This subsectionllustratesthe standardacetsthat can be attachedo a slot. The
facetswe usein our modelaretakenfrom OKBC-Lite, anda full specificationof
thesefacetscan be foundin the OKBC referencemanual[Chaudhriet al. 1998].
We only disregardthe:COLLECTION-TY PE facet,aswe assumehatour knowledge

metamodetealswith the settypealone.

Valuetype

The:VALUE-TYPE facetdefinesatyperestrictiononthevaluesof aslotof aframe.
If the facet:CLASS-TYPE is associatedvith the value Role then:VALUE-TYPE
facetdescribeghe conceptplaying the role describedn the frame. For example

if the frameis describingthe role Studenthenthe :CLASS-TYPE hasvalueRole
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andthefacet:VALUE-TYPE hasvaluePerso n to indicatethata personplaysthe
role of a studentdependingon somesituatiors, for instancewhenthey enroll to
the university The valuesassociatedvith a :vALUE-TYPE facetmustbe classes.
A valueC for thefacet:VALUE-TYPE of the pair slot S-frameF meansthatevery
valueassociatetb theslotS describingheframeF mustbeaninstanceof theclass
C. If the:VALUE-TY PE facethasmultiple valuesfor a slot S describinga frameF,
thenthe valuesof S mustbe aninstanceof every classdenotedby the valuesof

:value-type.

Inverse

The :INVERSE facetof a slotdefinesinversedor thatslot for the valuesassociated
with the slot of the frame. Valuesof this facetsare slotsthemseles. If we have a
slot S; of frameF whoseinverseslotis S, (definedby associatings; with thefacet
:INVERSE), thismeanghatif V is avalueof slotS; of F, thenF mustbe avalueof
Sy of V.

Cardinality

The :CARDINALITY facetis associatedo a nonngaive integerwhich definesthe
exactnumberof valuesthatcanbeassertedor aslotonaframe. Thatis if thefacet
CARDINALITY is associatedvith the valueN on slot S on frameF, thenS hasN

valuesonF.

For exampleif we modelledthe conceptMother in the frame Mother , thenthe
slot Parent- of will have :CARDINALITY greaterthanor equalto 1 to indicate
thefactthata parentis suchif they have 1 or morechildren.

The valuesto associatdo a slot S of frame F neednot to be known in adwance,
the only informationprovided by the facet: CARDINALITY is thatwhenthevalues
for slot S areknown the numberof valuesfor slot S mustbe exactly N, the value

associatedvith :CARDINALITY.
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MaximumCardinality

For someslotsonemightneedto asserhottheexactnumberof valuesout arangeof
numberof values andthisis doneby associatingalueswith thefacetsMAXIMUM-

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

CARDINALITY defineghemaximumnumberof valuesthattheslotS of frameF can
take. It is alwaysa nonngative integerN, which denoteghatthe slot S of frameF

hasat mostN values.

MinimumCardinality
The facet:MINIMUM-CARDINALITY assertdhe minimum numberof valuesthat
theslot S of frameF cantake. Thisvalueis anonngative integerN, which denotes

thattheslot S of frameF hasat leastN values.

Numericminimum
The :NUMERIC-MINIMUM facetspecifiesa lower boundon the slot S of frameF,
whosevaluesarenumbersThefiller associateanumbemwith thefacet:NUMERIC-

MINIMUM.

Numericmaximum
An upperboundonthevaluesof slot S of frameF canbe specifiedoy associating
numericvaluewith thefacet:NUMERIC-MAXIMUM of slotS. As for theNUMERI C-

MINIMUM facettheslotS hasto beassociateavith valueswhich arenumbers.

The standard OKBC slots

In this sectionwe introducethe standardslotsof the OKBC-Lite [Karp etal. 1999]
knowledgemodelandthosedefinedon slot frames. Theselatter type of slotsare
thoseusedin definingslot frames,they describepropertiesof a slot which hold at

ary framethatcanhave avaluefor theslot[Chaudhrietal. 1998].
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Slotsusuallyspecifyattributesof a classor arelationshipbetweerclasses.
We do adoptall the slotson slot framesof OKBC-Lite but :SLOT-COLLECTION-

TYPE, sincewe only considersetsin the knowledgemetamodelwe propose.

Documentation

The:DOCUMENTATION slotis associatewvith valuesin aframethataretext strings
providing the documentatin for that frame. Note thatthe documentatio thatde-
scribesa classis a value of the own slot :DOCUMENTATION on the class. This
slot shouldgive anaccountof informatian suchaswhy therankinghasbeensetto
a specificvalueor whatis the context associateavith a prototype(seebelow the
discussionconcerningprototypes). It shouldpermit keepingtrack of the process

leadingto the modeling decisions

Slotson SlotFrames

Domain

The :DOMAIN slot specifiegshe domainof the binaryrelationwhich is modeledby

theslotframe. Eachvalueassociatedvith this slothasto be aclass.If aslotframe
SassociateavalueC totheownslot:DOMAIN theneveryframethathasavaluefor

own slot S mustbe aninstanceof C, andevery framethathasa valuefor template
slot S mustbe C or own of its subclasses.

The:DOMAIN slotof aslotframeS canbe associateavith multiple valuesC';, Cs,

---, C,, andin sucha casethedomainof slotSis constrainedo betheintersection
of classe<’;, Cy, - - -, C,,. Moreover, every slotis consideredo have :THING asa

valuefor its :DOMAIN slot.

Slotvaluetype
The :sLOT-VALUE-TYPE slot definesthe rangeof the binary relationshp repre-

sentedy theslot, thatis theclasse®f whichthevalueof aslotmustbeaninstance.
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The value associatedvith :SLOT-VALUE-TYPE canalsobe a setof keywordsde-
finedusingthe set-of constructoprovidedby OKBC.

If theadditionalfacet:CLASS-TYPE (seeSectior4.5.5)is associateavith thevalue
Role then:sLOT-VALUE-TY PE describeshe concepiplayingtherole describedn

theframe.For exampk if theframeis describingherole Studenthenthe:CLASS-

TYPE hasvalueRole andtheslot :SLOT-VALUE-TYPE hasvaluePerson to in-

dicatethat a personplaysthe role of a studentdependingon somesituatiors, for

instancevhenthey enrolto university. Thevaluesassociateavith a :SLOT-VALUE-

TYPE slotmustbeclassesA slotframeS thathasanown slot:SLOT-VALUE-TYPE

associateavith a valueV musthave the own facet:value-typeassociateavith 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.
Thevaluesassociatedvith :SLOT-INVERSE areslotsthemseles If we have a slot
S with own slot :SLOT-INVERSE associateavith valueV, thenthe own facet:IN-

VERSE hasvalueV for slot S of ary framethatis in thedomainof S.

Slotcardinality

The :SLOT-CARDINALITY slot is a nonngaive integer which definesthe exact
numberof valuesthatcanbe assertedor a slot for thoseentitieswhich arein the
slot domain. If the own slot :SLOT-CARDINALITY of a slotframe S hasvalueV,
thenthe own facet:CARDINALITY for theslotS of arny framethatis in thedomain

of S mustbeassociatedvith V.

Slotmaximuncardinality
The slot :SLOT-MAXIMUM-CARDINALITY iS a non-n@atve integer defining the
maximun numberof valuesthatcanbe assertedor a slot of thoseentitiesthatare

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

slotthe S of ary framethatis in thedomainof S.

Slotminimumcardinality

The slot :SLOT-MINIMUM-CARDINALITY iS a non-ngatie integer defining the
minimum numberof valuesthat can be assertedor a slot of thoseentitiesthat
arein the slot domain. If the own slot :SLOT-MINIMUM-CARDINALITY of a slot
frameS hasvalueV thentheown facet:MINIMUM-CARDINALITY musthavevalue

V for slotthe S of ary framethatis in thedomainof S.

Slotnumericminimum

Analogouslytothe:NUMERIC-MINIMUM facet theslot:SLOT-NUMERIC-MINIMUM
definesa lower boundon the valuesthat might be associatedvith a slot for those
entitieswhich arein the slot domain. If the slotframeS associates valueV with
theown slot:SLOT-NUMERIC-MINIMUM thenthe own facet:NUMERIC-MINIMUM

mustassociatethevalueV with theslot S of any framewhichisin thedomainof S.

Slotnumericmaximum

The slot :SLOT-NUMERIC-MAXIMUM definesan upperboundon the valuesasso-
ciatedwith a slot for thoseentitieswhich arein the slot domain. If the slotframe
S associates valueV to the own slot :SLOT-NUMERIC-MAXIMUM thenthe own
facet:NUMERIC-MAXIMUM mustassociateshe value V with the slot S of ary

framewhichis in thedomainof S.

Extensionsproposedin this thesis

In themetamodeWwe proposein this thesiswe do notreally addany modellirg slot
to theonesof OKBC Lite describedabove [Karp etal. 1999],which adoptwith no

modificationgo their meaning We only disregardthosefacetsandslotsconcerning
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collections sincewe only considersets.The only additionwe make is adocumen-

tation slot, which documentsheframe.

Documentatnin frame
Thefacet DOCUMENTATION-IN-FRAME associatewith aslotof aframetext strings

with thedocumentatiorior thatslotonthatframe.

The additional facets

Theadditional facets

We have extendedthe OKBC-Lite modelto accommodatéhe attribute metaprop-
erties Mutabiity, Mutability Frequency EventMutability, Reversible Mutability,
Modality, Prototypicality, ExceptionalityInheritance andDistinction.

However, theseadditional facetsare not mappedby correspondingslotsinto slot
framessincetheinformationencompasseid theadditionalfacetamakessensenly
whenaslotis associateavith aframe,whereast is undefinedvhentheslotis con-

sideredonits own.

Classtype

Thefacet:cLASS-TY PE hasbeenaddedo the OKBC-Lite onesto specifywhether
theclassthatis beingdefinedis aconcepbr arole. Thisfacetcantake two possible
values:conce pt androle whichareusedto changehe meaningof someof the

framefacets.

Valuelabel

This facetmodelsthe metapropertiegnheritanceand Distinction, that distingush
thoseconceptgpropertiegshatpermitthedistincion betweersiblingsof asamepar
entconcepfrom thoseconceptgpropertieghatareinheritedfrom someparentcon-
cepts.Thevalueassociatewith thefacet:vALUE-LABEL of slotS of frameF isone

or moreelementgromthesetof keywords{l nherited ,Inher ited with ex-
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ceptions , Disting uishing ,Value }. If thevalueassociatedvith theslotis
Inherited  this meangthatthe valueassociatedvith S hasbeeninheritedfrom
somesuperclasswhereasf it isInher ited with exceptio ns thentheslot
inheritsthe valuefrom its parentframe,however somemodifications(for example
restrictionon the domain)is madeon the setof valuesassociateavith the slot. If
theslotvalueis labelledthroughthefacet:VALUE-LABEL asDistin  guishing
thismeanghatit is avaluethatdifferentiatesamongsiblingswith acommonsuper
class.If theslotvalueis labelledasValue it meanghatthevalueis neitherproto-
typical, norinheritedor distinguishing.

It shouldbe notedthatinheritedanddistinguishingvaluesareincompatilte in the
sameconceptdescription,thatis a valueis eitherinheritedor distinguishing,but
cannotbe both. On the otherhanda valuecanbe prototypical (seenext facet)and
inherited.Distinguishingvaluesbecomeanheritedfor subclassesf theclass.

Of coursealsofor distinguishingvaluesit canbethatinheritancedoesnot concern

thewholerangeof values but only a subrange.

Value prototypes

This facetmodelsPrototypicality, which permitsusto identify a prototypcal con-
ceptsproperty(modelledby associating setof prototypicalvaluesto anattribute).
Thefacet:VALUE-PROTOTY PES of slot S of frameF specifieswvhich valuesof slot
S areconsideredrototypicalin the contect specifiedby the frameF, thatis those
valuesthat are normally (in the conceptionof the ontolagy designerskssociated
with the slot S whenthis is describingthe conceptat frameF. This enableghe on-
tology designerso expresswhatis believed to be normalfrom their perspecitie.
Thereforethevaluesassociatevith theslot S atframeF arethosetruefor ary pro-
totypicalinstanceof the class,but exceptionsarepermittedwith a degreeof credi-
bility expressedy theslot:MODALITY (seealsothefacet:VALUE-EXCEPTIONS).
For example,in the conceptBlood Pressu re the prototypcal values(thatis

the valuesof blood pressurdor an healthyindividual over 18) arebetweer80 and
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130for systolc pressureandbetweer60 and85 for diastolicpressureThis notion
of prototyptal valuesis relatedto the analogousonein cognitive sciencelRosch

1975]andis discussediogethemvith the notionof exceptionin Sectiord.7.4.

Valueexceptions

Thefacet:VALUE-EXCEPTIONS of slot S of frameF specifiesvhichvaluesof those
associateavith slot S areto be consideredasexceptional thatis thosevaluesthat

arepermittedin theconceptdescriptiorbecausé¢hey arein thedomain,but deemed
exceptionalfrom a commonsenseviewpoint. It modelsthe metapropertyexcep-
tionality. Exceptionalvaluesarenot only thosewhich differ from the prototypical
onesbut alsoary valuewhich is possble but highly unlikely. The valuethatthis

facetcantake is thereforea valueor a subseof the valuesassociatedvith the slot

S. Let us consideragainthe blood pressureexampk. Exceptionsarethosevalues
registeredfor peopleaffectedby conditions suchas hypertengn or hypotenson

andarethereforethosein the rangeof valuesfor theslotblood pressu re but

outsice therangedeterminedy the prototypicalvalues.Thatis, exceptioral values
for systdic pressurearethosein therangeof the slot thatare smallerthan90 and

greaterthan 130, whereador diastolc pressurethe exceptioral valuesare those

smallerthan60 andgreaterthan85.

Value modality

Thefacet:VALUE-MODALITY of slot S of frameF modelsthe Modality metaprop-
erty anddenoteghe degreeof confidenceof thefactthattheslotis associatedvith
one or more specifiedvalues. It describeghe classmembershigconditions The
valueassociateavith this facetis a nonneatve integer betweenl and7. Eachof
thesenumbergs associatewvith aspecificmeaning.Thepossiblevaluesassociated
with this slotsarereportedbelown togethemwith anexampleshoving casesn which

eachof thevaluesapply:

1. All . Let usassumewne have a frame Person which is describedby the
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property has fingerprints modelledby associatinghe value Yes with the
slot :HAS-FINGERPRINTS. The propertyof having fingerprints(asopposed
to a specificinstanceof it, for exampk JohnDoe’s fingerprints)is inherited
by all subclassesthatis all the subclassesf Person (suchasChild
Teenager , Adult , andsoon)have fingerprints.Thiskind of information
is describedby associatinghefiller All - with thefacet:VALUE-MODALITY

whendescribinghe slot :HAS-FINGERPRINTS;

2. Almost all . A typical exampleof a propertywhich holdsfor almostall
thesubconceptsf theconceptvhichis beingdescribeds themamnals’ abil-
ity to give birthto liveyoung.In factalmostall specief mammalgyive birth
to live youngwith the exceptionsof a particularfamily, called monotemes
who doesnot. If we wereto modelthis situation the slot :ABILITY-TO-
GIVE-BIRTH-TO-LIVE-YOUNG would be describedoy value Almost  all

associatedvith thefacet:VALUE-MODALITY;

3. Most. Thefiller Most is to be usedin thosecasesvherethe majority of
subclassemherit the property For example,let us supposeo considerthe
concepCat Themajority of catshave shorthair, althoughthereis aconsider
ablenumberof catspeciesvhohavelonghair. If we hadto modeltheconcept
by associatingvith it the propertyhasshort hair, thensucha slot would be

describedy associatinghefiller Most to thefacet:VALUE-MODALITY;

4. Possible . In somecaseshowever, we might not have ary information
concerninghedegreeof applicability of a propertyto the propertiessubcon-
cepts.For example,let usconsiderthe conceptuniversity professor In some
countriesJike Italy, for instancejt is not alwaysthe casethatin orderto be
a professorone hasto be awardeda PhD. On the otherhandin someother
countries]iketheUK or theUnited Statesit is oftenthe casethata professor
hasa PhD. If we hadto modelthe conceptprofessorthe propertyhasa phd

wouldbedescribedy associatinghevaluePossibl e tothemodalityfacet,
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in thatit is possiblethatthe propertyholdsfor someof the subclassesf the
concept,but we do not have informatian concerningthe specificsubclasses

for which the propertyholdsneitherwe know for how mary of them;

5. A Few. It hasthe opposie semanticof Most . For example,let ussuppose
thatwe are modelling the conceptPenguin Most penguindive in cold en-
vironments,however thereare few penguinswho have adaptedo live on a
beachin CapeTown, wherethe temperatureanrise up to 40 C. If we mod-
elled the conceptPenguin it would be describedby the propertyliving in

warmernvironmentsbut with the modalty setto A few .

6. Almost none. It hasthe oppositesemanticof Almost all . For ex-
ample,let us supposeo modelthe conceptgraduates Usually graduates
arethosewho have beenawardedwith a degreefrom a university. However,
thereare degreesawardedhonoriscausaewhich are awardedalsoto people
who have not attendedary universily. So, the propertyof having a second
degreefor the classof peoplewho receved a degreehonoriscausaewould
be modelledby associatinghe value Almost  none to the facet:vALUE-

MODALITY;

7. None. It hasthe oppositesemanticsof All . It modelsthe absenceof a
certainproperty For example,if we modelthe conceptBird, thenits ability
to fly would be describedby associatinghe modality Possible  with the
propertycanfly. However, this propertyis not inheritedby all subconcepts,
thereforejf we modeltheconcepPenguin thepropertydescribingheability
to fly maybe characterisethy associatingvith it the modality None, which
is equivalentto saythatthe propertydoesnot hold for ary instanceof that

concept.

Thelastthreefillers, A Few, AlImost none andNone, they canbethoughtasthe

counterpart®f thevaluesMost , Almost all , andAll . In particularthe value
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None associatedavith this facetis tantamounto negation The valueNone asa
possibldfiller for theslot VALUE-MODALITY makessenseespeciallyin thecontext
of conflictsresolutionin caseof inheritanceandhasbeenaddedo themodelin the
hypothess thatsuchmodelis usedto supportsemi-autoratic conflict resolution.It
would make little sensdor aknowledgeengineetto includein the concepidescrip-

tion a propertywhosedegreeof applicability to subclasseis none.

Value change frequency

The facet:VALUE-CHANGE-FREQUENCY of slot S of frame F specifieswhether
andhow oftenthevalueof slot S changesluringthe lifetime of the conceptwhich

is representedby the frameF. It modelsthe propertiesMutabliity and Mutability

Frequency Thevalueassociateavith thisslotis anelemenbf theset: {Regular |,

Once only , Volatile , Never }.

If thevalueof theslotis Regula r it denoteghatthe changeprocesss continuous,
for instancehe ageof a personcanbe modelledaschangingregularly. If thefacet
valueis to Once only it meanghatonly onechangeover time for the value of

slot S is possibé, while if thevalueof the slotis Never it specifieghatthe value
of theslotSis setonly onceandthenit cannotcthangeagain for exampleapersons

dateof birth oncesetcannotchangeagain,andfinally Volatii e meanghatthe
changeprocesss discreteandcanbe repeatedat irregularintervals, thatis the at-

tribute’s valuecanchangemorethanonce;for exampk peoplecanchanggob more

thanonce

Value-dhange-events

This facetmodelsthe metapropertyMutability Event andit identifiesthoseevents
thatcancauseanattribute to changets value. The:VALUE-CHANGE-EVENTS facet
specifieghe conditionsunderwhich the valuesassociatedvith slotS change.lt is

associatedvith oneor morequadruples

{((E;,5;,Vj), Rj)l7 =1,---,m}

Page118



Chapterd A conceptuaimetamodeto supportontolay clustering

where E; is anevent, S; is the stateof the pair attribute-\alue associatedvith a

property V; definesthe event validity and R; denoteswhetherthe changeis re-

versibk or not, thusmodeling the propertyReversible Mutability (which denotes
a concepts propertythatcanchangen time, but whosechanges reversible). The

semantic®f thisfacetis explainedin Sectior4.7.1.

If the classdescribes role, thatis the facet:CLASS-TYPE is associatedvith the

valuerole , thenthefacet:VALUE-CHANGE-EVENTS definesthe conditionsreg-

ulating the acquisiton andthe relinquisymentof a role. This pointis further dis-

cussedn Sectior4.7.2.

4.6 Expressve power of the concetual metamodel

The conceptuametamodeilvhoseimplementatiorhasbeenpresentedn the previ-
oussectioncanaccommodatalmostall themodelling primitiveswhich areconsid-
erednecessaryo write ontologes. We do not have axiomsasthey wereout of the
scopeof thisthesis.However, axiomswill beconsideredn future developments.
As we have alreadymentionedconceptsarerepresentethy classeswhich arede-
scribedin termsof attributesor propertiesdescribedoy pairsslots-vaties In this
knowledgemodel slots are usedto describeboth intrinsic and extrinsic concept

properties Accordingto GuarinoandWelty [GuarinoandWelty 2000a,pagel00]:

An intrinsic propertyis typically somethingnherentto anindividual,
not dependenbn otherindividuals, suchas having a heartor having
a fingerprint. Extrinsic propertiesare not inherent,andthey have re-
lational nature,like "being a friend of John”. Amongthese thereare
somethat are typically assignedoy external agentsor agenciesuch
ashaving a specificsocialsecuritynumter, having a specificcustomer
i.d., evenhaving a specificname.

Here we take the sameview by consideringintrinsic propertiesasthoseinherent

to individuals,andwhich are not determinedby otherindividuals,suchashaving
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a particularsetof fingerprints.Intrinsic propertiesepresentescriptve featuresof
the classandthuscorrespondo the modelling primitive attributes

Extrinsic propertiesarethosenot inherentto anindividual andwhich have arela-
tional nature. They representelationsbetweenclassesthuscorrespondindo the
modellingprimitive relatiorship.

So slot-value(s) pairs are usedto describepropertiesholding for a class,in turn
propertiesare describedoy a setof pairsfacet-valuethat characteris¢he proper
ties. The original OKBC facetsdescribethe syntaxof propertiesfor exampleby
definingwhetherthey arerepresentethy stringsor numbersand,in the lattercase,
by definingtheir minimumandmaximumvalues.The additicnal facetsthatextend
the OKBC modelare more concernedvith the semanticof the propertieswhen
they areusedin a specificcontext determinedoy the frame, describing for exam-
ple, the behaiour over time or the degreeof credibility with which the property
holds.

The knowledge modelpresentedn Section4.2 is motivatedby the the discussion
illustratedin Section4.3. It is basedon anenrichedsemanticghataimsto provide
a betterunderstandig of the conceptsandtheir propertiesby characterisingheir
behaiour.

Dependingon the objectthey characterisepropertiescanbe definedfor instances
andclasseshbut we canalsodefinemetapoperties Instancepropertiesarethose
exhibited by all theinstance®f a concept.They might specialiseclassproperties
which insteaddescribepropertiesholding for the class. Conceptmetapoperties
have beenmainly describedn philosophy (seeSection2.5.1for afull account)and
includeidentity, unity, rigidity anddependencyln Section4.2 we have described
the setof attribute metapropertiesvhich definesthe metalevel on our conceptual
model(Section2.3).

Propertiecanalsobedividedinto prototyptal, necessarydistinguishing,inherited
andsimpe valueassignmerst Conceptsn theknowledgemodelarehierarchically

organisedaccordingto an Is-a relationshp that permitspropertyinheritancefrom
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ancestorgo descendantsThe propertiesthat are inheritedfrom an ancestorare
labelledasinherited. However, inheritedpropertiescan be overruledin the more
specificconcepin orderto accommodatenheritancewith exceptions.The proper
tiesthathave beenoverruledarelabelledasdistinguishirg (accordingto the defini-
tion givenin Section3.7.1),sincethey allow usto distinguishbetweersiblingsof a
sameparentconcept.We give to thetermdistinguishinga broademeaningandwe
decideto associat¢helabeldistinguishingwith any casewhereavalueassignnent
permitsto disambigiateamongsiblings. A propertyis to beconsidereahecessarif
it is essentiato all instance®f the conceptwhile is prototypcal if it holdsfor the
prototypcal instance®f the conceptonly. The notion of essentiapropertyrelates
to the ideaof necessargondition while prototypicalpropertiespermitto identify
prototypes,discussedn Section4.7.4.Finally, a propertylabelledasvalueassign-
mentassociatea valueto anattribute in orderto describea specificfeatureof the
instance®f theconceptsuchashair colour= brown.

Roles,alreadydefinedin Section2.3, arealsosupportedn this knowvledgemodel,
they arerepresentedsconceptdut thefacet:CLASS-TYPE is setto role , sothat
we areableto distinguishthemfrom a conceptdefinition. As for the rest,arole
hasexactly the samedefinitionasa concepsincerolesaredescribedn termsof at-
tributesthataretypical of arole andareorganisednto ais-ahierarchytotally anal-
ogousto the onedefinedfor conceptswheretheinheritanceof propertiesghrough
the role hierarchyis permittedin orderto represenpropertiesthat are typical of
roles.Mostof the consideratiorwe madefor conceptsold for rolesaswell, there-
fore we canconsiderprototypicalpropertiedor roles,distingushingpropertiesand
soon andsoforth. Whatdistinguishesa role from a conceptis thatthe role holds
during a specificspanof time. Rolesandtheir propertiesare discussedelav in
Section4.7.2
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4.7 Relatingthe extendedknowledgemodd to the mo-
tivations

In orderto usetheenrichedconceptuaimodelknowledgeengineerhiave to provide
moredetailsconcerninghe conceptghanif they wereusinga traditional OKBC-
like knowledgemodel;they arethusguidedin performingthe ontologcal analysis
whichis usuallydemandingo perform.

Furthermorethe enrichedknowledgemodelforcesknowledgeengineerdo make
ontologicalcommimentsexplicit. Indeedyealsituatonsareinformationrich evens,
whosecontet is sorich that, asit hasbeenarguedby Searle[Seate 1983],it can
never befully specified.Many assumpbnsaboutmeaningandcontect areusually
madewhendealingwith realsituatons[Rosch1999]. Theseassumptinsarerarely
formalisedwhenrealsituatimsarerepresenteth naturallanguagebut they have to
beformalisedn anontology sincethey arepartof the ontologicalcommitrrentsthat
have to be madeexplicit. Enrichingthe semantic®f the attribute descriptionsvith
thingssuchasthe behaiour of attributesovertime or how propertiesaresharedoy
the subclassemakessomeof the moreimportantassumptinsexplicit.

The enrichedsemanticss essentialto solve the inconsistencieshat arise either
while integrating diverse ontologiesor while reasoningwith the integratedknowl-
edge. By addinginformationon the attributeswe are able to measurebetterthe
similarity betweenconceptsto disambigiate betweenconceptghat seemsimilar
while they arenot, andwe have meando infer which propertyis likely to hold for
aconcepthatinheritsconflicting properties.

A possibledisadwantageof sucha semanticallyenrichedknowledgemodelis the
high numter of facetsthat needto be filled whenbuilding ontologes. We realise
that this can make building an ontology from scratcheven more time consuming
but we believe thatthe outcomesalanceheincreasecompleity of thetask. In-
deed,in orderto fill the additicnal facetsknowledge engineersieedto have a full

understandingnot only of the conceptthey are describing,but alsoof the context
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in which the conceptis used. Arguably they needsuchknowledgeif they areto
performthemodellirg taskthorouglty.
Theremaindenof this sectiondescribesheadditionalfacetsandrelateshemto the

discussbnin Sectior4.3.

4.7.1 Attrib ute behaviour over time and characterisationof iden-
tity

The metapropertieMutability, Mutability Frequency EventMutability, and Re-
versibleMutability aremodelkdin theknowledgemetamodeby thefacets VA LUE-
CHANGE-FREQUENCY and:VALUE-CHANGE-EVENT whichdescribghebehaiour
of fluentsover time. The behaiour over time is closelyrelatedto establishig the
identity of concepdescriptiongGuarinoandWelty 2000b],in thatsomeproperties
can changewithout affecting the identity of the changingindividual. Describing
thebehaiour overtime involvesalsodistinguishingpropertiesvhosechangds re-
versiblefrom thosewhosechanges irr eversibe.

Propertychangeover time are causeceitherby the naturalpassagef time or are
triggeredby specificeventoccurrencesWe need therefore to usea suitabletem-
poralframenork thatpermitsusto reasorwith time andevens. Themodelchosen
to accommodatéherepresentationf the changess the EventCalculus[K owalki
andSegot 1986]. Eventcalculusdealswith local eventandtime periodsandpro-
videstheability to reasoraboutchangen propertieausedy a specificeventand
alsotheability to reasorwith incompketeinformation.

Changesn conceptpropertieswhich correspondo changesn the valuesassoci-
atedwith attributes)canbe modelledasprocesse$Sowa 2000]. Processesanbe
describedn termsof their startingandendingpointsandof the changeghat hap-
penin between.We candistinguish betweencontinuousanddiscretechanges the
former describingincrementakchangeghat take placecontinuowsly while the lat-

ter describechangesccurringin discretestepscalledevents Analogouslywe can

Pagel23



A conceptuaimetamodeto supportontology clustering Chapterd

definecontinuougropertiesasthosechangingregularly over time, suchastheage
of a person,versusdiscrete propertieswhich are characterisethy an eventwhich
causeghe propertyto change. If the value associatedvith changefrequeng is
Regular thentheprocesss continwus,if it isVolatile  theprocesss discrete
andif it isOnce only theprocesss consideredliscreteandthetriggeringevent
is setequalto time-point=T.

Any regular occurrenceof time can be, however, expressedn form of an event,
sincemostof the formsof reasoningor continuaus propertiesequirediscreteap-
proximatiors. Thereforein the knowledgemetamodepresentedn Section4.5and
subsectionsgontinuouspropertiesare modelledas discretepropertieswherethe
event triggering the changein propertyis the passingof time from the instantt¢
to the instantt’. Eachchangeof propertyis representedyy a setof quadruples
{((E;,S;,V;),R;)lj = 1,---,m} whereE; is anevent, S; is the stateof the pair
attribute-value associatedvith a property V; definesthe event validity while R;
indicateswhetherthe changein propertiestriggeredby the event E/; is reversibe
or not. The modelusedto accommodatehis representatiomf the changesadds
reversibility to EventCalculus whereeachtriple (E;, S;, V;) is interpretedeither
asthe conceptis in the stateS; befoe the event E; happensor the conceptis in
the state S; after the event E; happensdependingon the value associatedvith
V;. Theinterpretations obtainedfrom the semantis of the eventcalculus,where
the former expressionis representedis Hold(befoe(E;, S;)) while the latter as
Hold(after(¥;, S;)).

The idea of modelling the permited changedor a propertyis strictly relatedto
the philosophicalnotion of identity. In particular the knovledgemodeladdresses
the problemof modeling identity whentime is involved, namelyidentity through
change, which is basedon the commonsensenotion that an individual may re-
main the samewhile shaving differentpropertiesat differenttimes[Kant 1965].
The knowledgemodelwe proposeexplicitly distihguisheshe propertiesthat can

changdrom thosewhich cannotanddescribeshechangesn propertieghatanin-
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dividualcanbesubjectedo, while still beingrecognisedsaninstanceof a certain
concept.

Eventsin this representatiomre always point events andwe considerdurational
events(eventswhich have a duration)asbeinga collectionof pointeventsin which
the stateof the pair attribute-valueasdeterminedy the valueof V;, holdsaslong
asthe eventlasts. The durationis determinedy the definitionof aneventin Event
Calculus wherefor eacheventis givenaninitial andafinal time point. We realise
thatthis representatiooversinplifies the dynamicof processhangesandwe aim
to investgatea moresophsticatedchangerepresentatioasfuture work.
Thenotionof changeshroughtimeis alsoimportantto establistwhethera property

isrigid. A rigid propertyis definedin [Guarinoetal. 1994]as:

apropertythatis essentiato all its instancesi.e. Vz¢(z) — O¢(x).

thatis, if for every = the property¢ holdsin z, then ¢ is necessaryor z. By

essentiapropertywe meana propertyholding for anindividual in every possible
circumstanceén whichtheindividualexists. Theinterpretatiorthatis usuallygiven

to rigidity is thatif z is aninstanceof a concept’, thenx hasto be aninstanceof

C in every possilbe world [Kripk e 1980]. Herewe specificallyconcentraten one
of thesesystemsf possble worlds,thatis time.

In [Tammaand Bench-C@on 2001a, Tammaand Bench-Capor2001b]we have
relatedthe notion of rigidity to thoseof time andmodality andin Section4.7.3we

shaw that,by usingtheinformationrepresenteth theslot:VALUE-MODALITY and
that concerningthe behaiour over time, we can preciselyidentify rigidity in the
subsebf the setof possitbe worlds.

MorerecentlyGuarinoandWelty have re-formulatedhedefinitionof rigidity which

now takesin explicit accountthe relationshipbetweerntime andmodality A rigid

property¢ is thusapropertysuchthatt (Vz, t¢(x, t) — O Vt'¢(z,t')).

Thatis, for every z andfor every instantof time ¢, if ¢ holdsfor z in ¢, then¢ is

necessaryor x in everyinstantt'.
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By characterisingherigidity of a propertyin this subsebf possibé worldswe aim
to provide knowledgeengineeravith the meango reacha betterunderstandingf
the necessaryand suficient conditiors for the classmembership.However, this
doesnot meanthat the rigidity of a propertydependsn ary accounton whether
the propertyis usedto determineclassmembershir not. Thatis, the final aim
is to try to separatehe propertiesconstituive of identity from thosethat permit

re-identification.

4.7.2 The needfor identity and rigidity: Roles

Establishng whetherrigidity holdsfor a propertyis not only centralin orderto
distingushnecessaryruth but alsoto recogniseolesfrom conceptsThe notionof
roleis ascentralto any modellingactiity asthoseof objectsandrelations

A definition of role that makesuseof the formal metapropertieandincludesalso
the definition given by Sowva [Sowa 1984] is provided by Guarinoand Welty. In
[GuarinoandWelty 2000a]they definearole as:

propertiesexpressingthe part playedby one entity in an event, often
exemplifying a particularrelationshipbetweentwo or more entities.
All rolesareanti-rigid anddependent. A propertye is saidto be anti-
rigid if it is not essentiato all its instancesi.e. Vz¢(z) — —O¢(x)...
A property¢ is (externally) dependenbn a property if, for all its
instancese, necessarilysomeinstanceof 1) mustexist, whichis nota
part nor a constituentof z, i.e. VzO(d(x) — Jyv(y) A =Py, z) A

—C(y,z)).

In otherwordsaconcepis aroleif itsindividualsstandn relationto otherindividu-

als,andthey canenteror leave theextentof theconcepiwvithoutlosingtheiridentity.

Fromthis definitionit emegesthattheability of recognisingvhetherrigidity holds
for someproperty¢ is essentiain orderto distinguishwhetherg is arole.

In [Steimann2000]the authorcompareghedifferentcharacteristicthathave been

associatedn the literaturewith roles. From this comparisont emegesthat the
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notionof role is inherentlytemporal,indeedrolesareacquiredandrelinquishedin
dependenceitherof time or of a specificevent. For exampk the object person
acquiregherole teenayer if the personis betweenl3 and18 yearsold, whereasa
personbecomesstudentwhenthey enrolfor a degreecourse.Moreover, from the
list of featuresin [Steimann2000]it emegesthat mary of the characteristicof
rolesaretime or eventrelated,suchas: an objectmay acquireandabandorroles
dynamicaly, may play differentroles simultaneously or may play the samerole
severaltime, simulaneouslyandthe sequencén which rolesmaybeacquiredand
relinquiredcanbe subjectedo restrictions.

Rolesmaybe*“naturally” determinedvhensocialcontext is takeninto accountand
the socialcontet determineshe way in which arole is acquiredandrelinquished.
For example theroleof Presiden t of the country isrelinquideddiffer-
ently dependingon the context provided by the country So, for exampk, in Italy
therole maybeacquiredandrelinquishedonly oncein thelifetime of anindividual,
whereasf thecountryis theUnited Satestherole canbeacquiredandrelinquished
twice, because presidentcan be re-elected. Social corventions may also deter
minethatoncearole is acquiredit cannotberelinquishedat all. For example,the
role Priest in acatholiccontext is relinquishednly with the deathof theperson
playingtherole.

For the aforementionedeasonswvays of representingoles mustbe supporéd by
somekind of explicit representationf time andevens. The knowledge modelwe
have presentegrovidessuficientsemanttsto modelthedynamicfeaturesof roles.
Indeedthe modelprovidesaway to explicitly representime intervalswhich canbe
usedo usedto modelrolesasfluents;morecorver, thefacet: VALUE-CHANGE-EVENT
gives knowledgeengineerghe ability to model events,which describethe events
thatconstrainthe acquisiton or therelinquisymentof arole.

The ability to distinguishrolesgivesalso a deeperunderstandingf the possible
contets in which a conceptcanbe used. Recognisinga role canbe equvaent to

defininga context, andthe notion of contet is the basison which prototypgesand
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exceptionsaredefined.

4.7.3 Modality: Weighingthe validity of attrib ute properties

The metapropertyModality is usedto expressthe way in which a statements true
or false. In this thesis,we denotewith the facet:VALUE-MODALITY of slot S at
frameF thedegreeof confidencehatwe canassociatavith finding a certainworld.
The notionof Modality is quite similar to the one of rankingsasdefinedby Gold-
szdmidtandPearl[GoldszmidtandPearl1996,page60]:

Eachworld is ranked by a non-n@aive integer x representinghe de-
greeof surpriseassociateavith finding suchaworld.

Herewe usethe termmodality to denotethe degreeof surprisein finding a world
wherethe property P holding for a conceptC' doesnot hold for one of its sub-
conceptsC’. The attribute metapropertiesnodelledby this facetis importantto
reasonwith statementshat have differentdegreesof credibility. Indeedthereis a
differencen assertingactssuchas“Mammalsgive birth to live young”and“Birds
fly”, theformeris generallymorebelievable thanthe latter, for which mary more
countergamplescan be found. The ability to distinguishfactswhosetruth holds
with differentdegreesof strengthis importantin orderto find which factsaretrue
in every possibé world andthereforeconstitutenecessarytruth. The conceptof
necessaryruth bringsusbackto thediscussn aboutrigidity. Rigidityis oneof the
conceptsnetapropertie®n which the OntoCleanmethodobgy builds [Welty and
Guarino2001]. OntoCleandoesnot provide any meango assignsuchpropertyto
conceptssinceit doesnot focuson conceptdescriptios. The metapropertiesor
attributesthatarethe basefor the conceptuaimetamodeproposedn thisthesiscan
supportthe assesmenf rigidity. In the knowvledgemetamodebescribedabove,
the value associatedvith the :VALUE-MODALITY facettogetherwith the tempo-

ral information on the changegermittedfor the propertycandeterminewhether
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the propertydescribeddy the slotis arigid property In particular we canexactly
determinerigidity in a subsetof all possilbe worlds. Indeed,since an ontology
definesa vocalulary, we canrestrictourselesto the setof possble worlds which
is definedasthe setof maximumdescriptionbtainableusingthe vocalulary de-
finedby theontology [Plantigal989]. Then,undertheassumpon of restrictingthe
discourseo this setof possibleworlds, rigid properies arethosewhose:VALUE-
MODALITY facetis equalto All andthat cannotchangein time, thatis whose
'VALUE-CHANGE-FREQUENCY facetis setto Never .

The ability to evaluatethe degreeof confidencen a propertydescribinga concept
is alsorelatedto the problemof reasoningvith ontologiesobtainedoy memging. In
sucha case,asmentioredin Section4.3.2conflicting propertiesmay be inherited
if heterogeneousntologiesare merged. In orderto reasonwith theseconflictsit
is necessaryo make someassumptinson how likely it is thata certainproperty
holds;thefacet:vALUE-MODALITY modelsthis informationby modellinga qual-
itative evaluationof how subclassemherit the property This estimaterepresents
thecomma sense&knowledgeexpressedy 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 the set{All, AiImostall, Most, Possibk, A Few, Al-
mostnone Nong, the choiceof sucha setis totally arbitrary andit wasmeantto
be such. Knowledgeengineershouldbe ableto associatavith this meta-property
eithera probability value,if they know the probability with which the propertyis
inheritedby subconceptr adegreeof belief (suchasa x-value,asin [Goldszmdt
andPearl1996],which depend®n ane whosevalue canbe changedaccordingto
the knowledgeavailable,thuscausingthe x functionto change)jf the probabilty
functionis notavailable.

In caseof conflict the propertys degreeof credibility canbe usedto rankthe pos-
sible alternatves following an approachsimilar to the non-monaobnic reasoning

approachdeveloped by [Goldszmidtand Pearl1996]: in caseof more conflicting
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propertiesholding for a concepidescriptionpropertiesareorderedaccordingo the
degreeof credibility, thatis apropertyholdingfor all thesubclassess consideredo
have a higherrankthanoneholdingfor few of the conceptsubclassesThis order
ing of the conflicting propertiesneedsto be validatedby the knowledgeengineer
althoughi,it reflectsthe commonsenseassumptn that, whenno specificinforma-

tion is known, peopleassumehatthe mostlik ely propertyholdsfor aconcept.

4.7.4 Prototypes,exceptions,and concepts

In orderto getafull understandtg of a conceptit is not sufficientto list the setof
propertieggenerallyrecognisedsdescribinga typical instanceof the conceptbut
we needto considerthe expectedexceptions Herewe denoteby protatypethose
valuesthat are prototypical for the conceptthatis beingdefined,while we denote
exceptionsthosethat differs from what is normally thoughtto be a featureof the
cognitive categgory and not only what differs from the prototype. In this way, we
partially take the cognitive view of prototypesandgradedstructureswhichis also
reflededby theinformationmodelkdin thefacet:VALUE-MODALITY. In thisview
all cognitive categoriesshav gradientsof membershipvhich describehow well a
particular subclasdits peoples ideaor imageof the category to which the sub-
classbelong[Rosch1975]. Prototypesare the subconceptsvhich bestrepresent
a cateyory, while exceptionsare thosewhich are consideredexceptionalalthough
still belongng to the category. In otherwordsall the sufficient conditionsfor class
membershighold for prototypes.For example,let us considerthe biological cate-
gory mammal a monoteme(a mamnal who doesnot give birth to live young)is
anexampleof anexceptionwith respecto this attribute. Prototypesiependnthe
contet; thereis no universalprototype but thereare several prototypesdepending
onthecontet, andsoa prototypefor the category mammakouldbe catif thecon-
text takenis thatof animalsthatcanplaytherole of petsbutit is lion if theassumed

contet is animalsthat canplay therole of circusanimals In theknowledge model
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presenteadbove we explicitly describethe context in naturallanguagéan the Doc-
umentatpn facet,however, the context canbe alsodescribedoy the rolesthatthe
conceptwhichis beingdescribeds ableto play.

Ontologestypically presupposeontet andthis featureis a major sourceof diffi-
culty whenmerging them.

Prototypesare also quite importantin that they provide a frame of referencdin-
guistic quantifierssuchastall, short, old, etc. Thesequantifiersareusuallydefined
or atleastrelatedto the prototypcal instanceof the classwhosememberghey are
describingandindeedtheir definitionchangesf we changethe point of reference.
For example,if we aredefiningtheconceptall usingasframeof referancetheclass
:PERSON thentall meansover 2 metres,whereadf we definetall with respecto
theclass:BUILDING it meansover 300 metres.And again,dependingf thelevel
of granularitychosenfor the descriptionthe linguistic quantifierscan have more
specificmeaningsFor example,if we subdvidetheclass:BUILDING into two sub-
classes;COTTAGE and:SKYSCRAPER, thenanadjectve suchastall relatedto the
prototypcal instance®f thetwo classesakesthe meaningof over 10 metresin the
first caseandover 300metresin thelattercase.

Thereforeincludingthe notiors of prototypesandexceptiors permitsusto provide
a frame of referencefor definingthesequalifierswith respectto a specificclass
For the purposeof building ontolagies, distinguishingthe prototypicalproperties
from thosedescribingexceptiors increaseshe expressve power of thedescription.
Suchdistinctionsdo not aim at establising default valuesbut ratherto guarantee
theability to reasorwith incompleteor conflictingconceptdescriptiors.

The ability to distingush betweenprototypes and exceptionshelpsto determine
which propertiesare necessargnd sufficient conditiors for conceptmembership.
In facta propertywhich is prototypical andthatis alsoinheritedby all the sub-
conceptgthatis it hasthefacet:vALUE-MODALITY setto All ) becomes natural
candidatdor anecessargondition. Prototypesthereforedescribeéhesubconcepts

that bestfit the cognitive category representedby the conceptin the specificcon-
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text givenby the ontolagy. On the otherhand,by describingwhich propertiesare
exceptional we provide a betterdescriptionof the classmembershigriteriain that
it determinesvhatarethe propertieghat,althoudn rarely hold for thatconceptare
still possibé propertiesdescribingthe cognitive cateyory.

Also theinformationon prototypeandexceptionscanprove usefulin dealingwith
inconsistenciearisingfrom ontolog integration. Whenno specificinformatian is
madeavailableon a conceptandit inheritsconflicting propertiesthenwe canas-
sumethatthe prototypical propertieshold for it.

The inclusian of prototypesn the knonvledgemodelprovidesthe groundsfor the
semi-automati maintenanceand evolution of ontologes by applying techniques

developedin otherfields suchasmachindearning.

4.8 Chapter summay

This chapterhaspresenteda knowledge metamalel that extendsthe usualontol-
ogy frame-basedanodelsuchas OKBC by explicitly representingdditioral infor-
mation on the slot properties. In orderto representhe metapropertieMutabil-
ity, Mutability FrequencyReversible Mutabiity, EventMutability, Modality, Proto-
typicality, Exceptionality InheritanceandDistinction we have addedto an OKBC
like knowledgemodela setof extra facetsmodellingthesemetapropertiesjamely
thefacetsVALUE-LABEL, :VALUE-PROTOTY PES, :VALUE-EXCEPTIONS, :VALUE-
CHANGE-FREQUENCY, and:VALUE-CHANGE-EVENTS. We alsoaddedthe facet
:CLASS-TY PE to modelthedistinctionbetweerrolesandconcepts.

This knowledgemetamodeis drivenby theformal ontologcal analysishy Guarino
andWelty [GuarinoandWelty 2000b]which permitsontologesthathave a cleaner
taxonomicstructureto be built andso givesbetterprospectdor maintenancend
integration. Sucha formal ontologcal analysisis usuallydifficult to performand
we believe our knowledgemodel canhelp knowledge engineerdo determinethe

metapropertieholding for the conceptby forcing themto make the ontologcal

Page132



Chapterd A conceptuaimetamodeto supportontolay clustering

commimentsexplicit.

TheknowledgemetamodeWwe proposeaesultsfrom aconceptuaimetamodeWwhich
encompassegtribute metapropertieaimingto characteris¢he behaiour of prop-
ertiesin theconceptescription We have motivatedthisenrichedconceptuamodel
by identifying threemain categoriesof problemsthatrequireadditionalsemantics
in orderto be solved.

Theextentionof theconceptuamodelwith ametalerd constititesthenovel contri-
bution of thisthesis.This extensionexplicitly representthe behaiour of attributes
over time by describingthe changesn a propertythat are permittedfor members
of the concept. It alsoexplicitly representshe classmembershp mechanisnby
associatingvith eachslot a qualitative quantifierrepresentingiow propertiesare
inheritedby subconcepts.Finally, the model describesot only the prototypical

propertiesholdingfor a conceptbut alsothe exceptionalones.
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Chapter 5

Modelling a domain

5.1 Thechosendoman

In this chapterwe provide an exampleof how the instantiaton of the conceptual
modelwhich we proposein this thesis,andwhich is presentedn Chapter4, can
be usedto modela domainof interest. The purposeof this chapteris not only to
illustrate by meansof a practicalexamplehow the proposedmodel canbe used;
we alsointendto provide a proof of conceptfor the claimswe madein the pre-
vious chapterthat this enrichedknowledgemodelgivesa betterrepresentatiomf
the semanticsand permitsto identify the metapropertieassociatedvith concept
properties(seeSection4.7) moreeasily The domainof interestwe have chosen
is amedicaloneandwe arefocusingour attentionon a particularconditioncalled
DisseminatedntravascularCoagulation or DIC. We have chosenthis particular
domainfor two reasonsthefirst is mainly concernedvith modelling somethingas
comple asa diseasewhile the secondis relatedto the specificdiseaseve have
decidedio model.

The literature presentanary examplesof medicaltaxononies, suchas SNOMED
[Rothwell 1995]umLs [Lindberg et al. 1993],and GALEN [Zanastraet al. 1995].
Someof themlike SNOMED or UMLS arejustterminobgy hierarchiesvhereath-
ers,suchasGALEN have amoredetailedconceptefinition. Thosemedicalontolo
gieswhich provide a formal informationmodelhave to facethe inherentproblems

relatedwith the attemptto definea disease.Indeed,in the field it is still unclear
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how disordersshoutl be describedas the functionirng of the humanbody and of
pathogensave not beenwell understood This lack of knowledgeis reflectedby
thefactthatdisordershave beenmodelledaccordingto the waysin which they can
be defined,somedefinedat geneticlevel, othersat chemicallevel, someothersin
termsof their associatiorwith phystal factorsandlastly assyndromesor collec-
tionsof obsenations

Anotherreal sourceof compleity is the qualitatve natureof medicalexpertise,
whichis very difficult to modelin aknowledgemodel.Indeed practitionergendto
reasorwith conceptssuchaslow numberof platelets wherethe definition of low
is not only dependenbn the context but also on the conceptualisatin usedby a
specificpractitioner

WhenDIC is describedrom a physological viewpoint, it is necessaryo studya
compl interactionof the chemicalsubstancemvolved in thecoagulatiorprocess.
In particular someof thesesubstancesontrituteto the creationof plateletswhich
aremainly responsil@ for theformationof blood clotsand,at the sametime other
chemicalsubstance# the blood starta processof clot destructionwhich even-
tually resultsin haemorrhagelt is becausef thesecontradictorysymptons that
a secondsourceof compleity arises:in fact DIC could becomemanifesttaking
the form of haemorrhageor of blood clot or a combinationof the two. In other
wordsDIC is adisorderin which systenic activationof the coagulatiorsystensi-
multaneosly leadsto intravasculathromlusformation(which compromsesblood
supplyto organs)andexhauston of plateletsandcoagulatiorfactors(whichresults
in haemorrhage)Thus,on a first sightit seemghatDIC is characterisedy con-
flicting symptans. [Levi anddeJonge000]

The diagnosisof DIC is madeeven moredifficult becauseéDIC is not a so called
primary condition thatis, DIC is alwaysthe consequencef someprimarydisease
which needdo betreatedn orderto treatthe DIC symptans. Following is alist of

clinical primarydisorderghatcanleadto DIC [Levi anddeJonge000]:
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e Malignang in solidtumors suchasmyeloprolferative, lymphoproliferatve.

DIC canfurthercomplicatebothsolid tumorsandhematologianalignancies;

e Obstetriccomplicationsuchasamniotic fluid embolism abruptio placentae
The mostcommonobstetricemegeng associatedvith activation of coagu-

lationis pre eclampsia;
e Organdestructiorsuchasseverepancreatitis;

e Sepsisandserereinfectioncausedy arny microoiganisn. In particular DIC
is associatedvith septicemigbut it might alsobe causedvy systemicinfec-

tionswith othermicroolgansmssuchasvirusesandparasites;
e Severehepaticfailure;

e Severetoxic or immmundogic reactionsfor examplesnale bites,recreaional

drugs,transfusiorreactionsandtransplantsejection;

e Trauma,suchaspolytraumaneurotraumatraumaresultingin fat embolsm.

In particularheadtraumais associateavith DIC;

e Vascularabnormalites, for exampk giant hemangioas (Kasabach-Merrit

syndrome)largevascularaneurysms.

This alsoimpliesthatthis disordermanifestswith a numberof differentsympbms
andthusseveralclinical testsareneededn orderto detectthe diseaseDiagnosing
DIC is thereforequite difficult, andit is evenmoredifficult to be ableto detectthe
cluesthatthe conditionis developingbeforeit is fully manifested.

We distingush heretwo subtypesof DIC, acuteDIC andchronic or subacuteDIC.

They arebothdescribedy the sameattributes,thatis they areboth revealedfrom

the sameclinical testsalthoughthe findingsmight be different. The physicalfind-

ings associatedvith DIC permitto distinguishbetweenthis subtypesof DIC and
they do affectthefindingsof theclinical tests[Schmaier2001]:
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Disseminated Intravascular Coagulation (DIC)

Subacute (Cronic) DIC

MALIGNANCY: S0LID TUMORSE, LEUKEMIA
OESTETRIC COMPLICATION: RETAINED DEAD FETUS
SYNDROME, RETAINED PRODUCTS OF CONCEPTION
HAEMATOLOGIC: MYELOFROLFERATIVE
SYMNDROMER, PAROXYEMAL MOCTURMAL
HAEMOGLOBINURIA

VASCULAR: FHEUMA TOID ARTHRITIS, RAYMNAUD
DISEASE

CARDIOVASCUL AR MYOCARDIAL INFARCTION
INFLAMMATION: ULCERATIVE COLITIZ, CROHM
DISEASE, BARCOIDORIE

Acute DIC

INFECTION: BACTERIAL, VIRAL, FUNGAL, PARARITIC
MALIGNANCY: HAEMATOLOGIC, MESTARTATIC
OBSTETRIC COMPLICATION: PLACENTAL
ABRUPTION, AMMIOTIC FLUID EBOLISM, ACUTE
FATTY LIVER OF PREGHANCY , ECL AMPS1A
BURNS

MOTOR VEHICLE ACCIDENTS

SNAKE ENVENOMATION

TRANSFUSION

HEMOLYTIC REACTIONS

LIVER DISEASE: ACUTE HEPATIC FAILURE
VENTRICULAR ASSIST DEVICES

Figureb5.1: Theprimaryconditonsassociateevith acuteandsubacutéor chronic)

DIC

e Acute DIC: Thisis anacutehaemorrhagidisorderwhich is associateavith

excesplasmn formation. Patientswith acuteDIC have petechiae®n the soft

palateandlegsfrom persistentiecreasén the numberof platelets(thrombo-

cytopenig andecchymos at venipuncturesites. Thesepatientsalsopresent

with ecchymos in traumatisedireas;

e Chronic or subacuteDIC: It is anindolentchronicdisorderthatis notasso-

ciatedwith bleedingandpresentasthrombosisasresultof excessthrombin

formation.It manifestawith symptaonsandsignsof venoushromiwosis.

The primary disordersassociateavith acuteand subacuteDIC are shavn in Fig-

ure5.1. Theseareimporiantbecause¢hey determinethe eventsthatcanmodify the

attribute behaiour overtime in the modelling examplein the Section5.3.
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5.2 The modelof DIC

In orderto modelthe conceptDIC we have partially reusedpart of the hierarchy
of conceptgpresenin MeSH[Nelsonetal. Forthcoming. MeSHis ataxonony of
medicalterms,andsono attributesweredefinedfor theconceptsWe have partially
modifiedthe hierarchicaktructureandhave associateattributeswith theconcepts.
In particular we have describeathe disordersfrom the viewpoint of the medical
testsnecessaryo diagnosethe disorder The hierarchyof conceptsandthe prop-
ertiesusedto describeit is shaovn Figure5.2. The hierarchyshaws the subclass
relationshipsholding betweerthe conceptsin the picturethe propertiescharacter
ising the conceptsare describedby associatinga value with an attribute which is
one of the clinical teststhat can be usedto diagnosehaematolod diseases.The
valuesassociatedvith the attributesarethosethatareusuallyfoundin individuals
who areaffectedby a kind of haematholgic diseasebut othervaluesareadmissi
ble aswell.

This portion of hierarchyis modelledin AppendixB usingthe knowledgemodel
presentedn the previouschapter In the modelling examplein AppendixB the hi-
erarchyabove hasbeenenrichedby attachingto the propertiescharacterisinghe
conceptgheadditionalinformatian concerninghepropertiesbehaiour overtime,
their degreeof applicabilityto subconceptgheir prototypical andexceptionalval-
ues.

We assumehattheconcepBlood-C oagulatio n-Disorde r isconsideredo
inheritall the attributesfrom its ancestoHaemathologic-D isease . Decimal
measuremen@resupposedo bewith two decimalfigures.An eventthatcancause
the plateletaggregationtime to changeis the externaltemperatureput sincewe
have notassociate@ specificvalueto the slot, the statecomponenbf the :VALUE-
CHANGE-EVENT is setequalto the setof all the possibé valuesassociateavith the
slot. Whenaneventhasa duration,suchasa diseasewe alwaysusethe startof the

event. Thereforewhenwe write (inherited-proteinC-deficienc[0, 59], after, ) we
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Haematongic Disease
Blood Coagulation Disorder
number of platelets : 150,000 - 400,000
PTT :30-40sec
platelet aggregation time : 3 - 5 min
111 -12.5sec
percentage of protein C  : 60% - 150%
percentage of protein S : 66% - 112%
APTT 160 -70 sec
fibrinogen 1200 - 400 mg/dl
fibrin degradation product: < 10 mg/dl
antithrombin IIT :0.20 -0.45 mg/m
Haemorrhagic Disorder Thrombophilia
platelet aggregation time : < 3 min PT 1> 12.5 sec
number of platelets 1< 150,000 PTT 1= 40 sec
percentage of protein C  : < 60% APTT 1> 70 sec
fibrin degradation product: > 10 mg/dl fibrinogen 1> 400 mg/dl
antithrombin OI: < 0.20 mg/ml
\ D-dimer 1 =200pg/1

Disseminated Intravascular Coagulation (DIC) ‘/

number of platelets 1< 150,000

PTT 1> 40 sec

platelet aggregation time : < 3 min

PT 1> 12.5 sec

percentage of protein C < 60%

APTT 1> 70 sec

fibrinogen 1> 400 mg/dl

fibrin degradation product: > 10 mg/dl

antithrombin IIT 1< 0.20 mg/ml

D-dimer 1= 2000pg/1

Subacute DIC Acute DIC

D-dimer > 200ug/1 D-dimer 1> 2000pg/1
number of platelets £ < 400,000 number of platelets :<150,000
PTT - = 20 sec PTT 1 => 200 sec
platelet aggregation time : < 3 min platelet aggregation time : < 3 min
PT “= 11 sec PT == 12.5 sec
percentage of protein C  : < 60% percentage of protein C  : < 60%
APTT > 60 sec APTT 1=> 70 sec
fibrinogen 1< 200 mg/dl fibrinogen 1> 400 mg/dl

fibrin degradation product: = 10 mg/dl

fibrin degradation product: => 10 mg/dl

Figure5.2: Thehierarchyof conceptslescribedn the modeling exampke
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meanthata condition suchasinherited protein C deficiencycauses low level of

percentagef proteinC, andthis happengust beforethe startof the deficieng.

5.3 Discussng the model

The conceptsn the hierarchyshavn above aredescribedy a numberof attributes
which permitthe characterisationf the conceptfrom a specificviewpoirt. We are
assumindherethatthe ontology we aremodeling is the resultof theintegrationof

two differentontologes,oneconcerninghrombophiliaandthe otherhaemorrhagic

disoders, thatall the problemsof syntacticheterogeneithave beenreconciledand
thatwe arein the phasewhereinconsisénciesdueto ontologcal heterogeneityare
detectedandresohed.

In this particularexample,the conditonsare describedrom the viewpaint of the
symptons which underliethemandareshavn by a specificclinical test. It is im-

portantto notethatthe valueshereareusuallyindicatedasrangesbecauseave are
oversinplifying the problem.Indeed whenpractitionersdescribehe symptons of

a conditionthey tendto usequalitative ratherthanquantiaitive measuresHerewe
have tried to translatequalitatve measuresnto numericalvalues,andthesetrans-
lations might not reflectthe viewpaint of a medicalexpert. So, for exampk, we
have translatedow numberof plateletsasa rangebetweerD and150,000 however

the boundarie®f this rangearenot fixed. So, the representatioof this rangeasa
closedinterval is justanover simpification.

A conditionis revealedby a combinationof testswhich give a posiive result. Con-
ceptsare describedn termsof medicaltests: for eachtestwe provide the proto-
typical valuesthat the testmight shav in the context determinedoy the condition
which is beingdescribedthe exceptionalvaluesthatcanbe associateavith thetest
(which in this casemight representhe testsresultstypical for an individual who

is not affectedby the conditior), andwe describethe degreeof applicability of the

attributeto the subconceptsgndthe attribute behaiour overtime.
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It is importantto notethat we assumanheritancewith exceptionsto hold in this
structure which is shovn by inheriting both the slots andthe pairsslot-atributes
Thus,we assumehatall slotsareinheriteddown the hierarchy although,sincein-
heritancewith exceptionholds a frame describinga subconcepmight override
the set of slots describingit, by addingor removing someslots In the same
way, the valuesassociatedvith the facetsdescribingthe slot may be overridden
when inherited by a more specific concepton the hierarchy For exampk, the
facetHaematologic-Di  sease is describedby the slot percent age-of-
protei n-c whoseprototypical valueis a percentagef inhibition in the range
[60, 150] . Theseare the prototypical valuesfor an healthyindividual, because
the conceptHaematologic-Di  sease is sohighin the hierarchythatit is not
possilke to associatea specificrangeof valueswith the slots describingit. The
percentagef protein C is a volatile type of attribute in thatit can changemore
thanonceduring the patienthistory and can, for example,decreasenoticeablyif
the patientis affectedby inheritedprotein C deficieng. If we considerits direct
descendartdiaemhorrhagic-Di  sorder , thisinheritsmostof theslotsfrom its
parentframe, but with exceptions. For example, the percentagef protein C in
this caseis known to be low, soits prototypicalvaluesare thosein the rangelO,
59]. Exceptioral valuesarethoseoutsidethis range.Theslotpercent age-of-
protei n-c doesnotinheritthe behaiour of beingmodifiedby inheritedprotein
C deficieny, becausehis eventis atypeof haemhorragiclisorder

It is alsoimportantto notethat all slotsdescribingthe frame Haematologic-
Diseas e are characterisedy associatinghe value possibl e with the facet
'VALUE-MODALITY. Thisis becausdhe conceptdescribedat the frameis quite
highin thehierarchyof thedisorders Goingdown thehierarchythefiller associated
with this facetchangesshawving that refining the conceptdescriptionwe discover
propertieghatarenecessarfor classmembersip. Indeed jf we considebothsub-
conceptof Haematologic  Diseas e, thatis, Haemarhagic-D  isorder

andThrombophilia , the slotsassociatedavith theseconceptsare describedoy
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the filler most associatedvith the facet:value -modality . Thisis because
it is likely (but not certain)thata specifictype of eitherhaemorrhaic disorder or
thrombophilia is characterisefly the samevaluesof clinical testswhich areassoci-
atedwith the parentconceptalthoughexceptionsarepossilie. Differentdisorders
are distinguishedon the basisof the different combinatons of slotsthey inherit
from the parentconceptthatis, they might berevealedby differentcombinatia of
clinical tests.

Someof thevaluesassociateavith a slotarethefindingsof clinical testswhich are
true only for mostof the patientsaffectedby the condition. Thisis the casefor the
valuesof PT andAPTTwhosevaluesareprolongedor 50%to 70%of the patients
affectedby acuteDIC. Thisis reflededin the modelby associatinghefiller most
with thefacet:VALUE-MODALITY, to indicatethatmostof theinstance®f thecon-
ceptwill take the prototypcal value.

When we considerthe conceptDissemi nated Intrava scular Coagu-
lation  thedegreeof applicabilty of propertyto subconcepts mainly described
by associatinghefiller most to thefiller :vALUE-MODALITY, becausehe combi-
nationof clinical testsdescribingthe conceptDissemi nated Intrava scu-
lar Coagulation is highly likely to be inheritedby the subconcepACUTE-
DIC andSuBAacuUTE-DIC, with somerestrictionson thevalue. Thisis true for all
slotsbut two, NUMBER-OF-PLATELETS, whosevalueis in the range[0, 150,000
in all caseof acuteDIC, andPERCENTAGE-OF-PROTEIN-C, whosevalueremains
low bothfor Acute-DIC andSubacu te-DIC . In bothconceptsthe propertyof
having a low plateletnumberis rigid, becauseheir modalityis setto All andthe
plateletcountcannotchangeovertime in thesetwo concepts.

It is worth noting thatin this examplethereare no necessaryonditions and no
distingushingattributes. The reasonfor thisis thatDIC is an extremelycomple
conditionto modelandthereis no ultimate testthat can clearly indicatewhether
the patientis affectedby the conditionor not. This is reflectedin the model by

labellingmostof the propertiesaspossible or, in somecasesasinheritedby most
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of thesubclasses.

Finally, the conceptDIC inheritsfrom bothits parents(that is thrombgphilia and
haemorrhagidisorder). Multiple inheritanceis dealtwith by assummg that the
child conceptsnheritsfrom the framesdescribingthe parentsthe slot valuesthat
are more specific. Of course,herewe are assuminghat the parentsare disjoint.
This is the casewith thromboplilia and haemorrhagialisorder: thesemusthave
disjoint slot values,andso DIC inheritsfrom the parentwith the mostspecificde-
scription Therole of eventsis quiteimportantbecauseat shavs how the attributes
canchangeandthe effectsthatthesechangesanhave onthe conceptsuchasDIC.
In the modellingexampleabove we have alsotried to associatesvith volatile at-
tributesthoseevens that can causethe attribute to changevalue in the specific
context of diagnosingDIC. In particular we have simdified the event by group-
ing themin categoriessuchasobstetrc complicatiors or trauma insteadof listing
eachof themsingularly Theseevens arenot alwaysinheriteddown the hierarchy
but only whenthey arerelevant. Eventsare particularlyvaluablein describingthis
condition becaus®IC is a secondarycondition,thatappearsonly dependingn a
primarycondition Thereforepy giving anexplicit list of the eventsthatcancause
the characterisingropertiegmodelkdin the slotg to changewe arealsoprovid-
ing away to list explicitly the primary conditionsthat canbe aggrazatedby DIC.
This canbe seenwith thevaluesassociateavith theslotfibrin ~ ogen. In fact,in
DIC usuallythelevel of fibrinogenis decreasedyut thisis anacutephasereactant
andsoits valuesmay be initially elevatedsecondaryto the primary disease.This
is modeledby associatingvith the prototypical valuefacetof the slot fibrin  o-
gen the normalvalues(thatis thosebetween200 and400) and by statirg thata
high level of fibrinogenis registeredafter the beginning of oneof the eventslisted
in the:value-c  hange-eve nts filler. By listing the eventswe candistingush
theconceptof acuteandsubacutdIC alsobasednthefactthatthe propertiesof
theformercanchangebecaus®f traumaandburns,whereaghisis nottruefor the

latter
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Associatingthe eventswith the attributesprovidesa bettercharacterisationf the
propertiesandnot only of their behaiour over time. Indeed,by associatig some
eventswith the pairsslot-framewe areactuallyproviding a morethoroughdefini-

tion of theconceptdescribedn theframe. Thiscanbeseenn thetwo framesAcute
DIC andSubacutd®IC. Although theseconditiors aredescribedy the sameslots,
the slotscantake differentvalues(for examplethe numberof plateletsmaybe nor-

mal for subacutdIC while is alwaysdecreaseébr acuteDIC) andtheir behaiour

over time is modified by differentevents,which shows the fact thattraumais an

importanteventin AcuteDIC in thatcancausea changen the valuesof the slots
associateavith thisframe,whereaghis eventis lessimportantwhendescribinghe
SubacutdIC.

5.4 Chapter summay

In this chaptemwe have providedanexampk in whichwe have modelleda complec
domainsuchasthe one of DisseminatedntravascularCoagulation. The concep-
tual modelthatis the objectof this thesishasproven to be particularly valuable
to modeltheinteractionof differentfactorsthatcontrilbute to the definition of this
diseasesuchasthe primaryconditionson which DIC dependsTherichnessof the
modelpermitsusto have amorecompletesnapshobf the semantic®f theconcept
while it is defined ,andshaws clearlywhich propertiesaretransmited down the hi-
erarchywhethertheinheritances strict or with exceptionswhataretheproperties
thatarepermittedto changeover time andwhy thatchange.

Oneof the main dravbacksthatwe have noticedin preparingthis exampleis that
in orderto usethe conceptuamodelit is necessaryo have a deepandthorough
knowledgeof the domainthatis beingmodelkd, including alsotheinteractionbe-
tweeneventsandattributes. This in turnsrequiresa richer top-level ontolagy that
includesconceptsuchasprocesseandarich temporalontology Theseareneeded

if we wantto give amorepreciserepresentatioof theevents.
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Conclusion

6.1 Thedssummay

The researb presentedn this thesishasfocusedon an enrichedontology meta-
model to supportan alternatve approachto knowledge sharing. Two research
threadshave beenfollowed in this thesis,a primary and a secondaryone. The
primary researchthreadhas concentratedn an enrichedontology model which
providesa precisecharacterisatiowf the attributesusedto defineconceptsn the
ontolagy. This characterisationis basedon a multidisciplinary theoreticalback-
groundwhich includesthe formal tools of ontologicalanalysis(namelyidentiy,
rigidity, unity anddependende on the cognitive notionsof prototypesandexcep-
tions,thenotionof modality, andonthenotionof inheritedanddistinguishingcon-
ceptpropertiesThisontologyconceptuametamodehasbeendevelopedto support
theassessmemf semant similarity in the structureof multiple ontolagieswhich
is the objectof thesecondaryesearh thread.

We have analysedhe approache$o knowledgesharing,andwe have reachedhe
conclusionthat currentapproachegone to one and single sharedontology ap-
proachesasreviewedin Section3.6) presentveaknessegspeciallywhenknowl-
edgesharinghasto be achievedin anopenervironment which wasoneof theini-
tial requirement®f thisthesis.This hasled usto thedeviseanalternatve approach
basednlocatingthesharedknowledgein a structureof multiple sharedntolaies,

which are hierarchicallyorganisedand canrepresenknowledgeat differentlevels
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of abstraction.Knowledge sourcesdo not have to committo a single overarching
sharedontology but a groupof knowledgesourcegor agentswhich sharea spe-
cific understandingf thedomaincommisto thesharedntology expressiig a view

whichis closerto theway knowledge sourcesonceptualis¢hedomain.

In pursuingthesetwo researctihreadswe have first reviewed the theoreticaffoun-

dationof ontologes,in Chapter2.

In this chapterwe have presentedhe philoshical discipline of ontolagy andthe

Al disciplineof ontolagies relatingthesecondo thefirst, we have givenanaccount
of thedifferentconnotationghatontologestake in Al andof the differenttypesof

ontologies We have alsoreviewedthe contritution thatphilosophyhasgiven to the

ontologicalfield, particularlyconcentratingpn the notionof formal ontology

The motivation for devising a novel approachto knowledge sharingemepged by
the analysisof the currentapproachesThe resultof suchanalysisis presentedn
Chapter3, wherewe presentedn overvien on the problemof knowledgesharing
andreuse particularlyfocussingthe attentionon the possitbe approacheshatuse
ontologiego solvethis problem.In thischaptemwe have alsoanalysedheproblems
causedy differenttypesof heterogeneitghatcanhampeithe sharingandreuseof
knowledge.

After presentindherethe differentapproacheto knowledgesharingwe introduced
thenove approactbasedn multiple sharedontolagies,andwe discussedomeof

theissuesarisingfrom this approach.

The ability to build this structureof sharedontologes semi-automatially is based
on the ability to grouptogether‘similar concepts”,which in turn dependson the
ability to assessemanticsimilarity amongthe conceptsin the different ontolo

gies. Currentsimilarity measuresre usually binary, thatis, they typically return
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a Booleanvaluewhich indicateswhetherthe two assessedonceptsare similar or
not. Furthermorethesesimilarity measureslo not usually take into accountthe
concepts definitionin termsof attributes,but only somelexical similarity among
conceptshamesFor thesereasonshey arenotsuitableto beusedin theprocesof
building ontologyclusters. A morerecentapproachio assessemanticimilarity for
building sharecbntologies[Rodﬁguezand Egenhofer2002]is basedon Tverskian
similarity functions[Tversky 1977], which dependsn the notion of featuesand
distinguishingfeatues Suchan approachhowever, needsan extendedthe con-
cepts definitionin orderto accommodatéeaturequsuallymodelledby attributes)

andsomeextra semanticghatprovidesthe ability to distinguishbetweerfeatures.

In thisthesisve have decidedo take anapproaclanalogouso theonein [Rodﬁguez
and Egenhofer2002], and thuswe have developedan ontology conceptuameta-
model,which encompasses metalerel modelling the behaiour of conceptprop-
ertiesin theconceptefinitionandover timeinto attribute metapoperties(namely
Mutability, Mutability FrequencyReversible Mutabiity, EventMutability, Modal-
ity, Protatypicality, Exceptionaliy, Inheritarce, Distincton). Thisconceptuaimeta-
modelhasbecomehe primaryresearchhreadof thisthesis,andit hasbeenimple-
mentedin a knowledgemetamodelhat extendsthe usual ontolagy frame-based
models suchasOKBC, by explicitly representin@dditionalon the slot properties.
The setof attribute metapropertiesve definein this thesismay help to dealwith
ontolagy heterogeneityproblemsin two ways. On the one handthe modelcom-
plementshe setof formal ontologcal propertiesproposedn [Welty and Guarino
2001],namelyldentity, Unity, Rigidity, andDependenceOur setof metamproper
tiescanassisin assignng to conceptghe conceptmetapropertiedefinedby Guar
ino andWelty. Thismightresultparticularlyusefulwhenknowledgeengineersieed
to assignformal propertiedo ontologieghatthey have notdesigned.

Onthe otherhand,the extra semanticgor conceptdescriptims which is provided
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by the conceptuametamodetanbe usedto distinguishamongfeaturesandto im-
plementsomekind of Tverskiansimilarity function,althoudh theactualimplenen-
tationof thefunctionis out of the scopeof thisthesis.Furthermorethis conceptual
metamodefor ontologiesacilitatesa betterunderstandingf thesemantic®f con-
cepts. Currently ontology memging is performedby handbasedon the expertise
of knowledgeengineersandon the ontologydocumentatin. Evenin this casethe
ontology metamodeive proposecanprove usefulby providing a characterisation
of the propertieswhich can help to identify semanticallyrelatedtermsor to dis-
ambiguateamongconceptghat only “seemsimilar”, on the assumpons that two
conceptsare similar if they presenta similar conceptdescription(thatis, if they
are describedby similar attributes)and theseattributesshav the samepatternof

behaiour in the conceptdefinitionandovertime.

The novdty of this extendedknowledgemetamodels thatit explicitly represents
the behaiour of attributesover time by describingthe changesn a propertythat
are permitied for membersof the concept. It also explicitly representghe class
membershipmechanisnby associatingvith eachslot a qualitatve quantifierrep-
resentinghow propertiesareinheritedby subconceptskinally, the modeldoesnot
only describethe prototypcal propertiesholding for a conceptbut alsothe excep-
tional ones.No previouswork on ontolagy hasaddressethe problemof providing
a precisecharacterisatioof attribute properties.

The ontology modelpresentedn Chapter4 hasbeenusedto have modelledacom-
plex domainin medicine,thatis DisseminatedntravascularCoagulation(DIC).
The conceptuamodelthatis the objectof this thesishasprovento be particularly
valuablein modellingtheinteractionof differentfactorsthat contrikbute to the def-
inition of this diseasesuchasthe primary conditionson which DIC dependsThe
richnesf themodelpermitsto have amorecompletedescriptionof the semantics

of theconceptwhile it is defined,andshaws clearlywhich propertiesaretransmit
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ted down the hierarchy whetherthe inheritanceis strict or with exceptions,what
arethepropertieghatarepermittedto changeover time andwhy.

Oneof the main criticismsto the useapproachthat we have noticedin preparing
this exampk is thatin orderto usethe conceptuamodelit is necessaryo have a
deepandthoroughknowledgeof the domainthatis beingmodelled,deeperthan
theknowledgeusuallymodelledin ontologes. We do not perceve thisasa serious
dravback,in factbuilding ontologiesis a very demandingaskwhich is not going
to be affectedin a majorway by the extensionsve have suggestedh thisthesis.
Knowledgeconcerninga domainincludesalsotheinteractionbetweenevent and
attributes. This in turnsrequiresricher top-level ontologes thatinclude concepts
suchasprocessesanda rich temporalontology. Theseare neededf we wantto

give amorepreciserepresentationf the events

6.2 Resdts

We believe this thesisgivestwo contritutionsto the field of ontologes andknowl-
edgesharing. Thefirst is, certainlythe enrichedontology conceptuametamodel.
Up to this momentontology modelshave concentratedheir attentionon concepts
andon their interrelationship in the ontolagy. Propertiesof the conceptsare de-
scribedby associatingpecificvalueswith the attributesdefiningthe concept.The
main contrikution of this thesisis thatit providesa precisecharacterisationf the
attributesin termsof their behaiour over time, their degreeof applicabilty to sub-
conceptstheir beingprototypical or exceptional,inheritedor distinguishirg. This
characterisatiors modelledin a setof metapropertie§Mutability, Mutability Fre-
guency Reversible Mutability, EventMutability, Modality, Prototypicality, Excep-
tionality, Inheritance Distinction) that constitueshe metalerel on the traditional
conceptuamodel.

We have arguedthat sucha precisecharacterisationmight help to disamlguate

amongconceptghat only seemsimilar, andin turn can supportmappingsacross
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the structureof multiple sharedontolagiesthat we have devised as alternatve to
thecurrentapproacheto knowledgesharing.We claim thatthis characterisatioof
the concepts propertiesis alsovery importantin orderto provide a precisespec-
ification of the semanticf the concepts.Suchcharacterisatiofs essentialf we
wantto performa formal ontological analysis,in which knowledgeengineersan
preciselydeterminewhich formal tools they canusein orderto build anontology
which hasataxonony thatis cleanandnotvery tangled.

The novelty of this characterisations that it explicitly representshe behaiour
of attributesover time by describingthe permittedchangesn a propertythat de-
scribea concept.It alsoexplicitly representshe classmembershipnechanisnby
associatingvith eachattribute (representeth a slot) a qualitative quantifierrepre-
sentinghow propertiesare inheritedby subconceptsFinally, the modeldoesnot
only describethe prototypcal propertiesholding for a conceptbut alsothe excep-
tional ones. By providing this explicit characterisationywe are askingknowledge
engineergo make morehiddenassumptnsexplicit, thusproviding a betterunder
standingnot only of the domainin generalbut alsoof therole a conceptplaysin
describinga specificdomain.

Thesecondesultwe have achieredin this thesisis the structureof multiple shared
ontologiesfor knowledgesharing. Although this hasnot beena primary direction
of researchduringthis thesis,we believe that sucha structurehasadvantageover
the othersespeciallyif consideredn the contet of an openenvironmentsuchas
the Internet. We believe thatthis kind of modularisaton is the key to applications
whereintelligentagents(whoseknowledgeis representedby ontologes)interop-
eratedynamically by agreeingon the vocalulary (and sharedknowledge)which
is closerto the conceptualisationsf only thoseagentswhich are involvedin the
interoparation and not of all agentsthat can be potentially involved We realise
thatwe have notinvestigaedin sufficient detail theissuegelatedto building such
a structurein an efficient and costeffective manney andthe relationshipsexisting

within andbetweerthe ontologiescomposinghe structure(both topicsare future
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researchdirectionsthat we will considey seenext section);but we think thatwe

have laid the basisfor futureresearch.

6.3 Futurereseach

Thereare several issuesthat stemfrom the researchpresentedn this thesis. As
mentioredin the previous sectionone of the issuedo investgatefurtherconcerns
the relationslips betweenand within ontologies, which needto be clarified with
respecto previouswork presentedn theliterature. Two candidatesetsof relations
have beenidentified,theseareBorst’'s ontolagy projections includeandextend,in-
cludeandspecialiseincludeandmap[Borst 1997]; andVisserandCui’s ontolagy

relations subset/gpersetextension restriction,mapping[VisserandCui 1998].

Anotherissueemeping from this researchs how knowledge sourcegor agents),
reachconsensuenwhich clusterin the structureof multiple sharedntologesthey
have to join in orderto achieve interoperation.This kind of consensushouldbe
basedon suitabk similarity measurethat takesinto accountthe semanticof the
conceptsnvolved, andthe semanticof their properties. Thereare no similarity
functionsof this type, thatwe are aware of, andit would be interestingto inves-
tigate complex similarity measuressuchasthosefor symbolic objects[Esposito
etal. 2000]. We areparticularlyinterestedn investgatingsimilarity functionsthat
make useof the extra semanticgprovided by the conceptuametamodeljn a way
analogouso the similarity measureresentedn [RodriguezandEgenhofer2002].
Thesekind of similarity functionsusuallyprovide a measuref the degreeof simi-
larity amongdifferentconceptsandnotjustabinarymeasure¢hatindicatesvhether

two conceptsaresimilar or not.

Similarity measuresre alsoimportantto determinethe way in which knowledge

Pagel51



Conclusion Chapter6

sourceqor agents)are groupedtogetherto form a cluster We are exploring the
machinelearningdirection,which seemghe more promisng one,but morehasto
be done.Oneof theobstacless thelack of efficient clusteringtechniquesandalso
thetechniquegurrentlyavailablehave to be adaptedn orderto includethe notion

of semantigroximity.

Anotherchallengds theideathananontology couldactually‘learn’ anew concept
whenit encounterst. We have assumedhroughait this thesisthatontologesare
static,andthatary inclusionof new conceptdasto be donemanuallyandoff-line.
But this assumpon is not realisticif ontologes have to be usedin applications
suche-commercewherea dynamicresponsdo the change®f the ervironmentis
needed.Thereforeearningtechniqguesreneededo incorporatea new conceptin

anontologywhenthis concepis recognisedo berelevant.

Fromthe viewpoint of the ontolagy conceptuametamodelfuture work includesa
moreformal characterisationf theattribute’s behaiour overtime, andparticularly
aformal characterisatioof the dynamicof processhangesWe aimto investgate
a moresophisicatedandformal representationf changeswhich permitto apply
someform of temporalreasoningo reasonaboutthe eventsthat can modify the
valuesassociateavith anattribute.
Thereasoningnechanismshataresupportedy theadditionalsemanticsncluded
in the ontology metamodekhouldbe exploredaswell, to understandhe kind of
inferencessupporéd by this model. In orderto supportcomplex reasoningnfer-
enceswe will considertheimplementabn of the metamodeln somedescription
logic basedanguagewhich shouldprovide the capabilitiesto performthe infer-

ences.

This modelis also quite demandingto use, future work should concentratealso
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on identifying the kinds of applicatiors thatcanbenefitfrom the expressve power
provided by this model.

In orderto testthe effectiveneswof the conceptuametamodelwe are planningto
include the metapropertiesn tools to build ontologes suchasWebOde[Arpirez
etal. 2001]or Proege [FridmanNoy etal. 2000].
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Knowledgesharing in InfoSleuth, KRAFT,
and OBSERVER

Therearemary projectsthatcanbe discussedo illustratethe framewnork, herewe
focusonthreeof them:InfoSleuth,KRAFT, andOBSER/ER.

A.1 InfoSleuth

InfoSleuth[Perry et al. 1999]. is a systemfor the integration of heterogeneous
sourceglevelopedby MCC (MicroelectronicaandComputerTechnologyCorpora-
tion, Austin, Texas,USA). The purposeof the InfoSleuthprojectis to retrieve and
processnformationin anetwork of heterogeneousformation sourcegalsocalled
resources).In InfoSleuth,the heterogeneitgoncernghreeissues:the paradigms
usedto representheknowledge (alsoreferredto asschemaneterogeneity)thelan-
guagesusedto representhe knowledgeandthe conceptualisabin underlyingthe
schema. The differentsourcesare integratedin a dynamicway andthis is made
possilte by usinga network of co-operatingagentshatform the InfoSleutharchi-
tecture. The InfoSleutharchitecturencludesboth coreandapplicationdependent

componerd. A coreapplicationprovidesfundamentaservicesthey are:

e UserAgent: This agentallows the userto accesghe InfoSleuthsystem. It
obtainsinformation aboutthe ontolagies known to the systemand it uses

themto promptits userin selectinganontology thatwill beusedto formulate
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gueries. Eachof theseis sentto the mostappropriateask executon agent

(feebelaw) thatwill sendthe obtainedresultsto the useragent.

e ResourceéAgent: This agentallows the InfoSleutharchitecturgo accesghe
informationsourcesandexecutegherequestgoncerninga specificresource.
Theresourceagentanswergjueriegranslatinghemfrom thecommonquery
languageto alanguagainderstoodby theresourcesThistranslationcom-
prisesboththemappingof thesharedntologyinto databasschemaandthe

mappingof thequerylanguagento the natve language.

e OntologyAgent: Thisagents aspecialisedResourcéAgentwhosemaintask
is to answerguestionsaboutontologes. It answergjueriesaboutthe ontolo
giesavailable,suchasthe sourceof anontology andsearcheshe ontologies

for concepts.

e Broker Agent: This agentaimsat finding the resourcesequiredto solve a
userquery All InfoSleuthagentsadwertisetheir capabilitiesto the broker
agentthat semanticallymatchesagentdooking for a particularservicewith
agentsproviding that particular service (information brokering technique).
At least,anagenthasto adwertiseits name,its locationandits languagebut
it canalso adwertise meta-informatiorand domainconstraints. The adwer-
tisementis expressedn termsof one or more ontologiesthus enablingthe

dynamicmatching.

e TaskExecutionAgent: Thisagentroutesrequestso theappropriatdResource
Agents.It decomposesserqueriesinto sub-queriegndreassemblethe an-
swers,thusco-ordinatingthe executionsof high-level informationgathering
sub-tasksThestratgy followedis basedntaskplanwith procedurahttach-

ments.

The applicationdependentomponentof the InfoSleuth architecturecontribute

only to someapplications.They are:
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e DataAnalysisAgent: This agentperformsdataanalysis/mming operations.

e Monitor Agent: This agentstoresrecordsof the agentinteractionsandof the
task executionsteps. The co-operatiorbetweenmultiple agentsis obtained
by usingtheinformatian brokeragetechniqudhatroutesall therequest®nly
on to the relevantresources.Information brokerageand ontolagies are two
aspectf the InfoSleuthapproachstrictly intertwined. Agent commurica-
tionstake advantageof the useof ontolbgiesasthey areusedto theagentin-
frastructurg(this is doneby specifyingthe informationandthe relationshps
betweerthevariousagents).This (facilitates)aidstheroutingof therequests
to a specificagent.InfoSleuthallows differentformatsandrepresentationsf
ontologiesby theuseof anontolagy meta-modethatprovidesa unifiedview
on the way ontologesare specified. In this way agentsmight reasonabout
ontologiesusingdifferentlanguagesiependingn thetypeof inferenceto be

made.

A.2 KRAFT

KRAFT (KnowledgeReuseandFusion/ Transformatio) [Preeceet al. 2001]is a
multi-site researclprojectconductecat the universties of Aberdeen,Cardiff and
Liverpoolin collaborationwith BT (British TelecommurgationsPLC) in the UK.
The overall aim of this projectis to enablethe sharingand reuseof constraints
embeddedn heterogeneoudatabaseandknowledge systems.in the KRAFT ap-
proachto theintegrationproblemtherearethreetypesof heterogeneityontological
assumpbns (conceptualisationand organisaibns of the data),paradigmandlan-
guage. KRAFT recognises small numberof sharedontologies. Moreover each
resourcehasits own local ontology andprovidesatranslatiorto atleastoneshared
ontolagy; in this way local ontolagiesallow the commurication betweerheteroge-

neousresourceghat can maintaintheir intrinsic heterogeneity The KRAFT net-
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work hasthefollowing components:

e UserAgent:is theinterfacebetweerusersandservicegrovidedby KRAFT

domain;

e Resource:is the knowledge sourceto integrate. It providesservicesto the
KRAFT domain. Examplesof KRAFT resourcesre databaseknowledge

basesandconstrainsolvers.

e Wrapper:is the interfacebetweenthe domainandthe useragentor the re-
sources Wrappersprovide communcationservicespothat high andat low
level. At highlevel they supporthe mechanisménkingtheresourceso me-
diatorsandfacilitators(seebelon). At low level they provide a translation
servicebetweertheinternaldataformatsof usersagentandresourcesndthe
internaldataformatsupportedy the KRAFT domain.They co-operatevith

theontology agent(seebelow) to performtranslations.

e Mediator: is the componenthat retrievesinformationabouta domain. In
achiezing this purposeit usesdomainknowledgeto transformdata. It per
forms operationson queriesto implementa certaintask and can process

gueriesby decomposingzcombinng themandtransformiry their content.

e OntologyAgent:isthecomponenthattranslate&nowledge expressedgainst
a sourceontologyinto the knowledgeexpressedgainsta targetontology If
amediatoror awrapperrequiresanontologytranslationit passeshe expres-
sionandreferencesto bothsourceandtargetontologiesto theontologyagent

whowill translateandreturnthe expression.

e Facilitator:istheKRAFT componenperformingtheinternalroutingservices
for messagewithin the KRAFT domain. Its mainfunctionsareto maintain
recordsof thelocationandof the capabilitiesof the resourcesandto accept

androutemessagefom otherKRAFT resources.
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A.3 OBSERVER

OBSER/ER (OntologyBasedSystemEnhancedvith Relationship$or Vocatulary
hEterogeneityResolution)Menaet al. 2000]is a projectwhich wasconductecht
the University of Zaragoza Spain. The aim of the OBSER/ER projectis to re-
trieve and processnformationstoredin heterogeneouknowledgesourceqcalled
repositories).The heterogeneityn this projectconcerngparadigmsand ontologi-
cal assumpbns. To overcomethe differencedn the formatsandin the languages
OBSERV/ER relatesrepositaies to domainontolagies; theseare pre-eisting on-
tologiesdefininga setof termsin a specificdomain. The OBSER/ER architecture

comprisegour maincomponert:

e Query processor:This componenthasas input a userquery expressedn
a chosenuserontology. The queryprocessomlaccesse$he datarepositories
to answerthe query If the useris not satisfiedwith the answey the query
processotranslategpartially or totally) the queryinto anotheruserselected
ontology usingpredefinednter-ontology relationshps. The queryprocessor
generateslist of translatiorplans,whereeachplanhasanassociatetbssof

information.

e Ontolayy sener: Thiscomponenprovidesthe userprocessowith mappings
thatlink eachtermin anontologywith structuresn datarepositoriesandit
translategjueriesfor theretrieval of datafrom therepositoriesin theaccess
theontology seneris assistedy thewrapper(seebelow) of the correspond-

ing datarepository

o Interontol@y Relationshipslanage(IRM): Thiscomponentlealswith inter-
ontology relationshig thatrelatetermsin differentontologes. OBSER/ER

considerghreekinds of possble relationshig: synorym, hyperrym andhy-

porym.
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e Wrapper: This componenthas knowledge of the dataorganisaton in the
repositories. The wrapperactually accesseshe datarepositoryusing the

mappednformation provided by the ontolagy sener.

The processings performedaccordingto the following steps:First userschoose
onedomainontology whosetermwill be usedto build the query Oncethe query
is formulated,the ontology sener verifiesits syntax,thenit performsontologial
transformation®f the query anddecomposeg. After the decompositia, the on-
tology sener usesrelevant mapping rulesto relatetermsin the ontolaggy to the
datastructurein theunderlyingrepositores. In accessinghe repositoryto retrieve
a querieddata,the ontolagy sener is assistedy the wrapper Oncethe datais re-
trieved, the ontolagy sener returnsthe userwith the answersbtained.If the user
is not satisfiedwith the answey the query processoreformulateshe queryusing

anotheruserchoserontology.
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The knowledgemodel applied to the concept
of DIC

B.1 Intr oduction

In this Appendixwe have modelledthe portionof hierarchyin Figure5.2according
to theknowledgemodelgivenin Sectiord.5. It is worth pointing outthattheaim of
this exampleis notto provide anexerciseof modelling but a proof of conceptdor
theconceptuamodelthatis the objectof thisthesis.In orderto do so,we have over
simpified the domainandsomeof theinformationbelony might not be completely
accuratdrom the medicalviewpoirt.

In definingthe conceptave follow somecorventions all wordsusedto namecon-
ceptsand slots are separatedy dashesgclassnamesare capitalisedwhereaswe
uselow-caselettersfor slotandfacetnames.Otherassumptiosawere madewhile
modelling, for example we have determinedheupperboundof thoseslotswith nu-
mericvaluesasbeing20 timesthe upperboundof the so-callednormalvalues.So,
for exampk, thenormalplateletaggregationtimeis betweer8 and5 minutes sowe
have consideredhe facet:NUMERIC-MAXIMUM describingthe slot platele  t-
aggreg ation-tim e to be 100. The numericminimum is usually 0, because
negative valuesareimpossble for thoseteststhat measurehe time of somephe-
nomenonor the quantity of somesubsance. In somecaseshe fillers associated
with thefacetswereeitherinfinite or somefinite set.In thesecaseghevalueswere

denotedusinga matematicahotation(eithera setnotationor aninterval notation
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whenpossibe).

We have provideda precisecharacterisationf attributes,includingtheir behaiour

overtime,for theconceptissem inated-In  travascul ar-Coagul ation
Acute-DIC andSubacute DIC only. In mostof the othercasesve have indi-

catedby nonethe absencef ary relevanteventthatmight modify the valueassoci-

atedwith aslot.

B.2 Frame Descriptions

Frame Blood-Coa gulation-  Disorder

:SUBCLASS-OF Hemathol ogic-Dise ase

Template-Sot 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-PROTOTY PE [150,000,400,000]
Template-Facet :VALUE-EXCEPTIONS [0, 149,999]u [400,001,1,000,000
Template-Facet :VALUE-MODALITY possble

Template-Facet :VALUE-CHANGE-FREQUENCY Volatile

Template-Facet :VALUE-CHANGE-EVENTS none
Template-Sot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1
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Template-Facet

Template-Facet :

Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet

Template-Slot plate let-aggre

Template-Facet :

Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet

Template-Facet

Template-Facet :

Template-Facet

‘NUMERIC-MINIMUM O

NUMERIC-MAXIMUM 800

:VALUE-LABEL inherited-with-&ception

:VALUE-PROTOTY PE [30, 40]

VALUE-EXCEPTIONS [0, 29]u[41,800]

'VALUE-MODALITY all

VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS none

gation-ti me

VALUE-TY PE Number

:CARDINALITY 1

‘NUMERIC-MINIMUM O

NUMERIC-MAXIMUM 100

:VALUE-LABEL inherited

VALUE-PROTOTYPES [3.01,4.99]

"VALUE-EXCEPTIONS [0, 3] U [5, 100]

:VALUE-MODALITY possibé

VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(change-gternal-temperaturg0, 100], after, R),

Template-Facet :VALUE-CHANGE-EVENTS

(use-of-aggrgation-stimulatordrugs,[0, 100], after, R)
Template-Slot perce ntage-of- protein-C

Template-Facet :VALUE-TY PE Integer
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Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 3000
"VALUE-LABEL inherited
:VALUE-PROTOTYPES [60, 150]
:VALUE-EXCEPTIONS [0, 59] U [151,3000]
:VALUE-MODALITY possble
:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

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

(excess-of-weight[0-59], after, R)
(Vitamin-K-Deficieng, [0, 59], after, R)
(Cancer|0, 59], after, I)

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

Template-Sot pt

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

'VALUE-TYPE Number

CARDINALITY 1

‘NUMERIC-MINIMUM O

SLOT-NUMERIC-MAXIMUM 250

'VALUE-LABEL inherited
:VALUE-PROTOTYPES[11, 12.5]
:VALUE-EXCEPTIONS [0, 11.5]U [13, 250]
:VALUE-MODALITY possble

:VALUE-CHANGE-FREQUENCY Vvolatile
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Template-Facet :

VALUE-CHANGE-EVENTSNhONne

Template-Slot perce ntage-of-  protein-S

Template-Facet
Template-Facet :
Template-Facet
Template-Facet
Template-Facet :
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

"VALUE-TY PE Integer

CARDINALITY 1

‘NUMERIC-MINIMUM O

'SLOT-NUMERIC-MAXIMUM 2240

VALUE-LABEL inherited

'VALUE-PROTOTYPES [66, 112]
"VALUE-EXCEPTIONS [0, 65] U [113,2240]
"VALUE-MODALITY possibé
:VALUE-CHANGE-FREQUENCY Vvolatile

-VALUE-CHANGE-EVENTS

(inherited-proteinS-deficienc[0, 59], after, )

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

Template-Facet :
Template-Facet :
Template-Facet :
Template-Facet :

Template-Facet :

VALUE-TYPE Number
CARDINALITY 1
NUMERIC-MINIMUM O
SLOT-NUMERIC-MAXIMUM 1400

VALUE-LABEL inherited

Template-facet :VALUE-PROTOTY PES [60, 70]

Template-Facet :
Template-Facet :

Template-Facet :

VALUE-EXCEPTIONS [0, 59] U [71, 1400]
VALUE-MODALITY possibé

VALUE-CHANGE-FREQUENCY volatile
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Template-Facet

VALUE-CHANGE-EVENTS

(proteinK-deficieny, [70, 1400],after, )

Template-Sot fibrinog

Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

en

"VALUE-TYPE Integer
:CARDINALITY 1

‘NUMERIC-MINIMUM O

SLOT-NUMERIC-MAXIMUM 8000

:VALUE-LABEL inherited

:VALUE-PROTOTY PES [200,400]
:VALUE-EXCEPTIONS [0, 199]U [401,8000]
:VALUE-MODALITY possble
:VALUE-CHANGE-FREQUENCY Volatile

VALUE-CHANGE-EVENTS

(bacterial-infection[0, 19], after, R)
(eclampsiaj41, 8000],after, R)

Template-Sot fibrin-d

Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

egradatio n-product s

VALUE-TYPE Number

:CARDINALITY 1

‘NUMERIC-MINIMUM O

NUMERIC-MAXIMUM 100

:VALUE-LABEL inherited
:VALUE-PROTOTYPE [0, 10]
:VALUE-EXCEPTIONS [10.1,100]

:VALUE-MODALITY possble
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Template-Facet :VALUE-CHANGE-FREQUENCY Vvolatile

Template-Facet :VALUE-CHANGE-EVENTS none

Template-Slot antit

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet

hrombinll |

:VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 90

:VALUE-LABEL inherited
:VALUE-PROTOTYPE [0.20,0.45]
"VALUE-EXCEPTIONS [0, 0.19]U [0.46,90]
:VALUE-MODALITY possibé

:VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS none

Template-Slot D-dim er

'VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
‘NUMERIC-MAXIMUM 5000
:VALUE-LABEL inherited

:VALUE-PROTOTYPE [0, 200]

VALUE-EXCEPTIONS [0, 199]U [201,5000]

:VALUE-MODALITY possibé

:VALUE-CHANGE-FREQUENCY Vvolatile
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Template-Facet :VALUE-CHANGE-EVENTS
(Infection,[200,5000],after, R)
(Head-Tauma,[200,5000],after, R)
(Cancer[200,5000],after, I)
(Obstetric-emagengy, [200,5000],after, R)
(VascularDisorders[200,5000],after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Frame Haemorrha gic-Disor  der

:SUBCLASS-OF Blood-Co agulation -Disorder

Template-Sot 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-wit-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-Sot number-o f-platele  ts

Template-Facet :VALUE-TYPE Integer
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Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet

Template-Slot plate let-aggre

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 1,000,000
:VALUE-LABEL inherited-with-&ception
:VALUE-PROTOTY PE [0, 150,000]

:VALUE-EXCEPTIONS [150,001,1,000,00]

VALUE-MODALITY most

:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS none

gation-ti me

:VALUE-TYPE Number
CARDINALITY 1
‘NUMERIC-MINIMUM O

‘NUMERIC-MAXIMUM 100

VALUE-LABEL inherited

:VALUE-PROTOTYPES [0, 3]
:VALUE-EXCEPTIONS [3.1, 100]
:VALUE-MODALITY most

:VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(change-gternal-temperaturg, 100], after, R),
(use-of-aggrgation-stimulatordrugs,[0, 100], after, R)

Template-Slot fibri  n-degrada tion-prod ucts

Template-Facet :VALUE-TYPE Number
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Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet

:CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited-wih-exception
:VALUE-PROTOTYPE [10.1,100]
:VALUE-EXCEPTIONS [0, 10]
:VALUE-MODALITY most
:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS none

:DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Frame Thromboph ilia

:SUBCLASS-OF Blood-Co agulation -Disorder

Template-Sot pt

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

VALUE-TYPE Number

:CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 100
:VALUE-PROTOTYPE [13, 100]
:VALUE-EXCEPTION [0, 12.99]
:VALUE-LABEL inherited-wih-exception
:VALUE-EXCEPTIONS none

VALUE-MODALITY most
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Template-Facet

Template-Facet

Template-Slot ptt

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Slot activ ated-part

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:VALUE-CHANGE-FREQUENCY Vvolatile

-VALUE-CHANGE-EVENTS none

:VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 800
:VALUE-LABEL inherited-with-eception
:VALUE-PROTOTYPE [41, 800]
:VALUE-EXCEPTIONS [0, 40]
:VALUE-MODALITY most

:VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS none

ial-throm  boplastin  -time

VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 1400
:VALUE-LABEL inherited-with-&ception
:VALUE-PROTOTYPE [71, 1400]
:VALUE-EXCEPTIONS [0, 70]
:VALUE-MODALITY most

:VALUE-CHANGE-FREQUENCY volatile
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Template-Facet

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Sot antithro

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet

VALUE-CHANGE-EVENTS none

Template-Sot fibrinog en

"VALUE-TYPE Integer

:CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 8000
:VALUE-LABEL inherited-wih-exception
:VALUE-PROTOTY PE [0, 400]
:VALUE-EXCEPTION [401,8000]
:VALUE-MODALITY most
:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS none
mbin-1lI

:VALUE-TYPE Number

:CARDINALITY 1

:NUMERIC-MINIMUM O
‘NUMERIC-MAXIMUM 90
:VALUE-LABEL inherited-wih-exception
:VALUE-PROTOTYPES [0, 0.20]
:VALUE-EXCEPTIONS [0.21,90]
VALUE-MODALITY most
:VALUE-CHANGE-FREQUENCY Vvolatile

-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 O

Template-Facet :NUMERIC-MAXIMUM 5000
Template-Facet :VALUE-LABEL inherited

Template-Facet :VALUE-PROTOTYPE [0, 200]
Template-Facet :VALUE-EXCEPTIONS [0, 199]U [201,5000]
Template-Facet :VALUE-MODALITY possibé
Template-Facet :VALUE-CHANGE-FREQUENCY Vvolatile

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 Haemarhage-Di  sorder , Thombophilia

Template-Slot perce ntage-of- protein-C

Template-Facet :VALUE-TY PE Integer
Template-Facet :CARDINALITY 1
Template-Facet :NUMERIC-MINIMUM O
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 :
Template-Facet :

Template-Facet :

VALUE-MODALITY all
VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(Infection,[20, 60], after, R)
(Trauma[100, 3000],after, R)
(Cancer[500,3000],after, I)

(Obstetric-e

meageng, [10, 40], after, R)

(VasculatrDisorders[40, 70], after, R)

Template-Sot number-o f-platele  ts

Template-Facet :
Template-Facet
Template-Facet :
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet :

VALUE-TYPE Integer

:CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 1,000,000
'VALUE-LABEL inherited
:VALUE-PROTOTY PE [0, 400,000]
:VALUE-EXCEPTIONS [400,001,1,000,000]
:VALUE-MODALITY possble

:VALUE-CHANGE-FREQUENCY Volatile

VALUE-CHANGE-EVENTS

(Infection, [0, 150,000],after, R)

(Trauma]O,

150,000] after, R)

(Cancer|[0, 150,000] after, )

(Obstetric-e

megeng, [0, 150,000]after, R)

(VasculaDisorders|0, 150,000]after, R)

Template-Sot platelet

-aggregat ion-time
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Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

'VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited
:VALUE-PROTOTYPES [0, 3]
:VALUE-EXCEPTIONS [3.1, 100]

:VALUE-MODALITY all

VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(use-of-aggrgation-stimulatordrugs,[0, 100], after, R)
(Infection, [0, 3], after, R)

(Trauma,[6.1,17.0],after, R)

(Cancer[3.1,5.0], after, I)

(Obstetric-emageng, [7.1, 20.0],after, R)
(VasculatrDisorders|0, 3.0], after, R)

Template-Slot fibri

Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

n-degrada tion-prod

ucts

:VALUE-TYPE Number

CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 100
'VALUE-LABEL inherited
:VALUE-PROTOTYPE [10.1,100]
:VALUE-EXCEPTIONS [0, 10]

:VALUE-MODALITY possibé
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Template-Facet :

Template-Facet :

VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(Infection, [0, 10.0],after, R)
(Trauma[10.1,40], after, R)

(Cancer[30.

(Obstetric-e

1,60], after, )
meageng, [40.1,80], after, R)

(VasculatDisorders[3.1, 15], after, R)

Template-Sot pt

Template-Facet
Template-Facet
Template-Facet
Template-Facet :
Template-Facet
Template-Facet
Template-Facet :
Template-Facet
Template-Facet
Template-Facet

Template-Facet :

'VALUE-TYPE Number

:CARDINALITY 1

‘"NUMERIC-MINIMUM O

NUMERIC-MAXIMUM 100

:VALUE-PROTOTY PE [20,100]

:VALUE-EXCEPTION [0, 19.99]

VALUE-LABEL inherited

:VALUE-EXCEPTIONS none
:VALUE-MODALITY possble

:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(Infection,[23, 40], after, R)

(Trauma|5,

19.99],after, R)

(Cancer|[0, 15.99],after, 1)
(Obstetric-emageng, [20.1,40], after, R)
(VascularDisorders[20.1, 70], after, R)

Template-Sot ptt
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Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:VALUE-TYPE Number

:CARDINALITY 1

NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 800
:VALUE-LABEL inherited
:VALUE-PROTOTY PE [41,800]
:VALUE-EXCEPTIONS [0, 40]
:VALUE-MODALITY possibé
:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(Infection,[60, 120]after R)
(Trauma[10.1,40], after, R)
(Cancer[3.1,60], after, I)

(Obstetric-emageng, [40, 240], after, R)
(VasculatDisorders[40, 210], after, R)

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

Template-Facet :VALUE-TYPE Number

Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

:CARDINALITY 1
:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 1400
VALUE-LABEL inherited
:VALUE-PROTOTYPE [71, 1400]
:VALUE-EXCEPTIONS [0, 70]
:VALUE-MODALITY possibe

:VALUE-CHANGE-FREQUENCY Vvolatile
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Template-Facet :

VALUE-CHANGE-EVENTS

(Infection,[120,500], after, R)
(Trauma[80.5,125.5],after, R)

(Cancer|20,
(Obstetric-e

40.5],after, )
megeng, [40.1,700], after, R)

(VasculatDisorders|[60, 150], after, R)

Template-Sot fibrinog

Template-Facet :
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet :

en

VALUE-TYPE Integer

:CARDINALITY 1
:NUMERIC-MINIMUM O
:SLOT-NUMERIC-MAXIMUM 8000
:VALUE-LABEL inherited
:VALUE-PROTOTY PE [0, 400]
:VALUE-EXCEPTIONS [401,8000]
:VALUE-MODALITY possble

:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(Infection,[401,80®@], after, R)
(Trauma[401,8000],after, R)
(Cancer[401,8000],after, I)

(Obstetric-e

megeng, [401,8000],after, R)

(VascularDisorders[401,8000],after, R)

Template-Sot antithro

Template-Facet :

Template-Facet :

mbin-IlI

VALUE-TYPE Number

CARDINALITY 1
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Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 90

:VALUE-LABEL inherited

VALUE-PROTOTYPE [0, 0.20]

:VALUE-EXCEPTIONS [0.21,90]

:VALUE-MODALITY possibé

Template-Facet :VALUE-CHANGE-FREQUENCY Vvolatile

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-emageng, [0.1, 30], after, R)
(VascularDisorders[0.1, 15.0],after, R)

Template-Slot D-dim er

Template-Facet :VALUE-TYPE Number

Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet

:CARDINALITY 1
:NUMERIC-MINIMUM O

‘NUMERIC-MAXIMUM 5000

VALUE-LABEL inherited

:VALUE-PROTOTY PE [2000,5000]

VALUE-EXCEPTIONS [0, 1999]

:VALUE-MODALITY possibé

VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(Infection,[2000,4000],after, R)
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(Trauma[200, 1500],after, R)
(Cancer[1900,4800],after, I)
(Obstetric-emageng, [2400,3500],after, R)
(VascularDisorders[1800,5000],after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Frame Subacute- DIC

:SUBCLASS-OF Dissemin ated-Intr  avascular -Coagulat ion

Template-Sot percenta ge-of-pro tein-C

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

Template-Facet :NUMERIC-MINIMUM O
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-emagengy, [30, 59], after, R)
(VascularDisorders|[20, 80], after, R)

Template-Sot number-o f-platele  ts
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Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:VALUE-TY PE Integer

:CARDINALITY 1

:NUMERIC-MINIMUM O
‘NUMERIC-MAXIMUM 1,000,000
:VALUE-LABEL inherited
:VALUE-PROTOTY PE [0, 400,000]
:VALUE-EXCEPTIONS [400,001,1,000,00]
"VALUE-MODALITY all

VALUE-CHANGE-FREQUENCY never

Template-Facet :VALUE-CHANGE-EVENTS

Template-Slot plate let-aggre  gation-ti me

Template-Facet :VALUE-TYPE Number

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

CARDINALITY 1

‘NUMERIC-MINIMUM O

NUMERIC-MAXIMUM 100

:VALUE-LABEL inherited-with-&ception
"VALUE-PROTOTYPES [0, 3]
:VALUE-EXCEPTIONS [3.1, 100]
:VALUE-MODALITY possibé
:VALUE-CHANGE-FREQUENCY volatile

-VALUE-CHANGE-EVENTS

(Infection, [0, 5], after, R)
(Cancer|[3, 10], after, I)

(Obstetric-emageng, [0, 3], after, R)

(VascularDisorders|0, 1], after, R)
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Template-Sot fibrin-d  egradatio n-product s

Template-Facet :VALUE-TYPE Number

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited-with-exceptian
:VALUE-PROTOTYPE [10.1,40]
:VALUE-EXCEPTIONS [0, 10] U [41.1,100]
"VALUE-MODALITY all
:VALUE-CHANGE-FREQUENCY Vvolatile

-VALUE-CHANGE-EVENTS

(Infection,[10.1,30], after, R)
(Cancer|[5, 15], after, I)
(Obstetric-emageng, [30, 70], after, R)
(VascularDisorders|[20, 35], after, R)

Template-Sot pt

Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

:VALUE-TYPE Number

:CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited-wih-exception
"VALUE-PROTOTYPE [11, 25]
"VALUE-EXCEPTION [0, 10.9]U [25.1-100]

'VALUE-MODALITY all
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Template-Facet :VALUE-CHANGE-FREQUENCY Vvolatile

Template-Facet :VALUE-CHANGE-EVENTS
(Infection,[7, 20], after, R)
(Cancer|0, 501, after, I)
(Obstetric-emageng, [25, 80], after, R)
(VasculaDisorders[1, 11], after, R)

Template-Slot ptt

Template-Facet :VALUE-TYPE Number

Template-Facet :CARDINALITY 1

Template-Facet :NUMERIC-MINIMUM O
Template-Facet :NUMERIC-MAXIMUM 800
Template-Facet :VALUE-LABEL inherited-with-eception
Template-Facet :VALUE-PROTOTY PE [20, 30]
Template-Facet :VALUE-EXCEPTIONS [0, 19] U [31, 800]
Template-Facet :VALUE-MODALITY all

Template-Facet :VALUE-CHANGE-FREQUENCY Vvolatile

Template-Facet :VALUE-CHANGE-EVENTS
(Infection,[15, 25], after, R)
(Cancer[19, 40], after, 1)
(Obstetric-emageng, [5, 20], after, R)
(VascularDisorders[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 O
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Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet :

Template-Facet

Template-Facet

NUMERIC-MAXIMUM 1400

:VALUE-LABEL inherited-wih-exception

:VALUE-PROTOTY PE [60, 100]

VALUE-EXCEPTIONS [0, 59] U [101, 1400]

VALUE-MODALITY all

:VALUE-CHANGE-FREQUENCY Volatile

VALUE-CHANGE-EVENTS

(Infection,[20, 59], after, R)
(Cancer[65, 80], after, 1)
(Obstetric-emageng, [40, 70], after, R)
(VascularDisorders|[80, 90], after, R)

Template-Sot fibrinog

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet :

Template-Facet

Template-Facet

en

VALUE-TYPE Integer

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 8000
:VALUE-LABEL inherited-wih-exception

:VALUE-PROTOTY PE [0, 400]

VALUE-EXCEPTIONS [401,8000]

VALUE-MODALITY all

:VALUE-CHANGE-FREQUENCY Volatile

VALUE-CHANGE-EVENTS

(Infection,[401,8000],after, R)
(Cancer[401,8000],after, )
(Obstetric-emageng, [401,8000],after, R)
(VasculatDisorders[401,8000],after, R)
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Template-Slot antit

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

hrombin-l1 1l

:VALUE-TYPE Number

:CARDINALITY 1

:NUMERIC-MINIMUM O
‘NUMERIC-MAXIMUM 90
:VALUE-LABEL inherited-with-eception
:VALUE-PROTOTYPE [0, 0.20]
:VALUE-EXCEPTIONS [0.21,90]
:VALUE-MODALITY all
:VALUE-CHANGE-FREQUENCY Vvolatile

-VALUE-CHANGE-EVENTS

(Infection, [0, 0.1], after, R)
(Cancer[0.8,0.35],after 1)
(Obstetric-emageng, [0.05,0.1], after, R)
(VasculatDisorders]0.18,9], after, R)

Template-Facet

-DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Template-Slot D-dim

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

er

:VALUE-TYPE Number
CARDINALITY 1
:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 5000
:VALUE-LABEL inherited

:VALUE-PROTOTY PE [200, 2000]
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Template-Facet :VALUE-EXCEPTIONS [0, 199] U [2001,5000]
Template-Facet :VALUE-MODALITY possble
Template-Facet :VALUE-CHANGE-FREQUENCY Volatile

Template-Facet :VALUE-CHANGE-EVENTS
(Infection,[200,400], after, R)
(Cancer[300,800], after, 1)
(Obstetric-emageng, [10, 100], after, R)
(VascularDisorders[500, 2000],after, R)

Frame Acute-DIC

:SUBCLASS-OF Dissemin ated-Intr  avascular -Coagulat ion

Template-Sot percenta ge-of-pro tein-C

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

Template-Facet :NUMERIC-MINIMUM O
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, 1)

(Trauma,[0, 30], after, R)
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(Burns,[80, 1500],after; I)
(Obstetric-emageng, [40, 160], after, R)
(VasculatDisorders|0, 59], after, R)

Template-Slot number-of-plat

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Slot plate let-aggre

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

elets

"VALUE-TY PE Integer
CARDINALITY 1
NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 1,000,000

VALUE-LABEL inherited

:VALUE-PROTOTY PE [0, 150,000]
:VALUE-EXCEPTIONS [150,001,1,000,00]
:VALUE-MODALITY all

VALUE-CHANGE-FREQUENCY never

VALUE-CHANGE-EVENTS

gation-ti me

:VALUE-TYPE Number

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited
:VALUE-PROTOTYPES [0, 3]
:VALUE-EXCEPTIONS [3.1, 100]
:VALUE-MODALITY possibé

:VALUE-CHANGE-FREQUENCY Vvolatile
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Template-Facet :

(Infection, [2

VALUE-CHANGE-EVENTS
.5, 4], after, R)

(Cancer|0, 3], after, )

(Trauma[O,

1.5], after, R)

(Burns,[0, 5], after, I)

(Obstetric-e

meageng, [0, 5], after, R)

(VasculatDisorders[3, 7], after, R)

Template-Sot fibrin-d

Template-Facet :
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet :

egradatio n-product s

VALUE-TYPE Number

:CARDINALITY 1

:NUMERIC-MINIMUM O
‘NUMERIC-MAXIMUM 100
:VALUE-LABEL inherited-wih-exception
:VALUE-PROTOTY PE [40, 100]
:VALUE-EXCEPTIONS [0, 39]
:VALUE-MODALITY all

:VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(Infection,[10, 39], after, R)

(Cancer|60,

100], after, I)

(Trauma,[29, 45], after, R)
(Burns,[40, 60], after; 1)

(Obstetric-e

meageng, [70, 100], after, R)

(VasculatDisorders[40, 60], after, R)

Template-Sot pt

Template-Facet :

VALUE-TYPE Number
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Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 100
:VALUE-PROTOTYPE [20.1,100]
:VALUE-EXCEPTION [0, 20]
:VALUE-LABEL inherited-with-&ception
:VALUE-EXCEPTIONS none
:VALUE-MODALITY most
:VALUE-CHANGE-FREQUENCY volatile

: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-emageng, [20.1,50], after, R)
(VasculatDisorders|2, 12], after, R)

Template-Slot ptt

Template-Facet :

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

VALUE-TYPE Number

CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 800
:VALUE-LABEL inherited-with-eception
:VALUE-PROTOTYPE [100, 1400]
:VALUE-EXCEPTIONS [0, 99]

'VALUE-MODALITY all
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Template-Facet :

Template-Facet :

VALUE-CHANGE-FREQUENCY volatile

VALUE-CHANGE-EVENTS

(Infection,[200,400], after, R)
(Cancer|0, 80], after, I)
(Trauma[300, 500], after, R)

(Burns,[100
(Obstetric-e

,150], after, )

meageng, [30, 700], after, R)

(VascularDisorders[400,1000],after, R)

Template-Sot activate

Template-Facet :
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet :

d-partial  -thrombop lastin-ti me

VALUE-TYPE Number

:CARDINALITY 1

:NUMERIC-MINIMUM O
:SLOT-NUMERIC-MAXIMUM 1400
:VALUE-LABEL inherited-wih-exception
:VALUE-PROTOTY PE [200, 1400]
:VALUE-EXCEPTIONS [0, 199]
:VALUE-MODALITY most

:VALUE-CHANGE-FREQUENCY Volatile

VALUE-CHANGE-EVENTS

(Infection,[200,400], after, R)
(Cancer[300,800], after, 1)
(Trauma,[20, 150], after, R)
(Burns,[80, 250], after, 1)

(Obstetric-e

meageng, [400,1000],after, R)

(VascularDisorders[200, 350], after, R)

Template-Sot fibrinog

en
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Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

Template-Facet :

Template-Facet

"VALUE-TY PE Integer

CARDINALITY 1

:NUMERIC-MINIMUM O
:NUMERIC-MAXIMUM 8000
:VALUE-LABEL inherited-with-&ception
:VALUE-PROTOTYPE [0, 200]
:VALUE-EXCEPTIONS [201,8000]

"VALUE-MODALITY all

VALUE-CHANGE-FREQUENCY Vvolatile

VALUE-CHANGE-EVENTS

(Infection,[200,400], after, R)
(Cancer[300,800], after, 1)

(Trauma[], after, R)

(Burns,[], after, 1)
(Obstetric-emageng, [10, 100], after, R)

(VascularDisorders[500, 2000],after, R)
Template-Slot antit hrombin-I I

Template-Facet :VALUE-TYPE Number

Template-Facet

Template-Facet :

Template-Facet
Template-Facet
Template-Facet
Template-Facet

Template-Facet

CARDINALITY 1

NUMERIC-MINIMUM O

:NUMERIC-MAXIMUM 90
:VALUE-LABEL inherited-with-eception
:VALUE-PROTOTYPE [10, 90]
:VALUE-EXCEPTIONS [0, 9.9]

'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, 1)

(Trauma]9, 35], after, R)

(Burns,[10, 70], after, )
(Obstetric-emagengy, [10, 30], after, R)
(VasculatDisorders[4.5, 8], after, R)

Template-Facet :DOCUMENTATION-AT-FRAME

Own-Facet :FRAME-TYPE Concept

Template-Sot D-dimer

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

Template-Facet :NUMERIC-MINIMUM O
Template-Facet :NUMERIC-MAXIMUM 5000
Template-Facet :VALUE-LABEL inherited
Template-Facet :VALUE-PROTOTY PE [2000,5000]
Template-Facet :VALUE-EXCEPTIONS [0, 1999]
Template-Facet :VALUE-MODALITY possble
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, )
(Cancer[200,1000],after, I)
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(Obstetric-emageng, [3500,5000],after, R)
(VascularDisorders[1800,3000],after, R)

Slot-Frame descriptions

SlotPlatelet -Count

:DOMAIN Blood-Coagulation-Disaler
:SLOT-VALUE-TY PE Integer
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O,
:SLOT-NUMERIC-MAXIMUM 1,000,000

:DOCUMENTATION Countsthe numberof plateletgpermillimiter cubed

SlotPTT

:DOMAIN Blood-Coagulation-Disaler
:SLOT-VALUE-TYPE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O,
:SLOT-NUMERIC-MAXIMUM 800

:DOCUMENTATION Partial thrombglastinetimein seconds

SlotPlatelet -Aggregat ion-Time

:DOMAIN Blood-Coagulation-Disaler
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:SLOT-VALUE-TY PE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O,
:SLOT-NUMERIC-MAXIMUM 100

:DOCUMENTATION Time in minutesof aggreyation

SlotPercent age-of-Pr otein-C

:DOMAIN Blood-Coagulation-BHorder
:SLOT-VALUE-TY PEInteger
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O
:SLOT-NUMERIC-MAXIMUM 3000

:DOCUMENTATION Measureghepercentagef inhibition

SlotPT

:DOMAIN Blood-Coagulation-Biorder
:SLOT-VALUE-TY PE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O
:SLOT-NUMERIC-MAXIMUM 250

:DOCUMENTATION prothromlin time in secondsnormal valuesmay vary de-

pendingon labs
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SlotPercenta ge-of-pro tein-S

:DOMAIN Blood-Coagulation-Disaler
:SLOT-VALUE-TY PE Integer
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM 0O
:SLOT-NUMERIC-MAXIMUM 2240

:DOCUMENTATION Measureshe percentagef inhibition

SlotAPTT

:DOMAIN Blood-Coagulation-Disaler
:SLOT-VALUE-TYPE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM 0O
:SLOT-NUMERIC-MAXIMUM 1400

:DOCUMENTATION Activatedpartialthrombopastintime in seconds

SlotFibrinog en

:DOMAIN Blood-Coagulation-Disaler
:SLOT-VALUE-TY PE Integer
:SLOT-CARDINALITY 1

:SLOT-NUMERIC-MINIMUM O
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:SLOT-NUMERIC-MAXIMUM 8000

:DOCUMENTATION Amount of fibrinogenin blood mweasuredn mg/dl It is

initially in relationto the primaryconditionandthendecreases.

SlotFibrin- Degradati on-Produc t

:DOMAIN Blood-Coagulation-BHorder
:SLOT-VALUE-TY PE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM 0O
:SLOT-NUMERIC-MAXIMUM 100

:DOCUMENTATION bloodcontaindessthan10mcgml fibrin split producty FSP)

Slot D-dimer

:DOMAIN Blood-Coagulation-Biorder
:SLOT-VALUE-TYPE Number
:SLOT-CARDINALITY 1
:SLOT-NUMERIC-MINIMUM O
:SLOT-NUMERIC-MAXIMUM 5000

:DOCUMENTATION bloodcontaindessthan200 n:.g/l.
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