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Abstract. Formalontologicd analysiss amethoalogy thatbuilds
onsomephilosophical notionsin orderto guidethe procesof build-
ing ontologieswhosestructureis correctandlittle or no tangled.
This paperpresentsan ontology model that facilitatesformal onto-
logical analysis,by providing a setof metapoperties which char
acterisethe behaiiour of concept propertiesin a concep definition,
while providing aricher semanticof the concept We describecon-
ceptsin termsof their attributes(characterisindeaturespndwe also
describethe role playedby thesefeaturesin the concep definition,
whetherthey are prototypcal or exceptional,whetherthey are per
mitted to chang over time, andif so, how often this happens,howv
likely is a conceptto showv thesefeatures.etc. We shawv that these
metapropertiesansupporta methoddogy, OntoClear{44] thatuses
formal ontologicalanalysisto build cleanertaxonomiegwhich are
thusmoresharable)The setof metapropertiefor attributeswe pro-
posecanbe usedto guidein determiningwhich metaprogrtiesfor
concefts hold for anontologyandthereforecansuppat the useOn-
toClean.

1 Introduction

Marny currentapplicationssuchase-commere or the semantioveb
rely on the ability of different resourcesor agentsto interoperate
with each others and with users.In some cases,interoperation
becomesmore comple, becauseagentsmay have beenindepen-
dently developed, thereforethe assumptiorthatagentsusethe same
communicgion languageand the sameterminologyin a consisten
way cannotbe made.Whendealingwith indepenently developed
agents,their interoperablity with humansand othersdepenls on
the agents’ ability to understandthem, which leads us directly
to ontologies.Ontologiesare an explicit, formal specificationof
a sharedconcepualisation, where a ‘concepualisation’ refers to
an abstractmodel of some phenanenonin the world by having
identifiedtherelevart conceptsof thatphenanenon,'explicit’ means
thatthe type of conceps used,andthe constraintson their useare
explicitly defined,formal’ refersto thefactthatthe ontologyshould
be machine-readdb, and lastly ‘shared’ reflectsthe notion thatan
ontology capturesconsasualknowledge, thatis it is not privateto
someindividud, but acceptedby a group [37]. Thatis ontologies
provide a formally defined specificationof the meaningof those
termsthatareusedby agentsduringtheinteroperation.
Agentscandiffer in their understanihg of the world surroundng
them,in their goals,andtheir capabilities but they canstill interop-
eratein orderto perform a task. The interoperationamongagents
is the result of reachingan agreemenbn a sharedunderstading,
mainly obtainedby the reconciliationof the differencesThis kind
of reconciliationmight be accomplishedy meiging the ontologies
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to which the agentsinvolved in the interoperationrefer to, thatis,
by building a singleontology thatis the memgedversionof different
agents ontologieswhich oftencover similaror overlappingdomains
[8].

Ontologymeiging startswith the attemptto find the placesin which
the sourceontologes overlap [24], that is the coalescace of two
semanticallyidenticaltermsin differentontologiesso thatthey can
be referredto by the samenamein the resultingontology This is
the only stepof the memge processvhich s relevantto the scopeof
this article. The coalescencef termsin diverseontologes hasto
be accompished bearingin mind that agents ontologes might be
heterogeneus,andary kind of heterogenity hasto bereconciledn
orderto shareknowledge Heterogeneityis out of the scopeof this
article,however we recognisehatit canhinderattemptgo coalesce
terms,especiallywhenit concernssemanticsOntologyor semantic
heterogeniéy occurswhen differentontologicalassumptios about
overlappingdomainsaremade[43].

Any consideation on ontology heterogeneityit is usually done
assumingthat the ontologiesinvolved in the meming processare
either built accordingto somekind of engineering methodolay,
such as Methortology [6], or ontology taxonomic structuresare
validatedaccordingto somemethoddogiessuchasOntoClear{44].
Both methoddogiesare aimedto insurethat the ontology obtained
after applying them is correct, that it doesnot contain cycles or
recursve definitions,andit hasa taxonanic structurethatis no or
little tangled.

Methontoloy and OntoClean are complematary methodolo-
gies in that Methortology provides the guidelines for building
or re engineeringontologies, whereasOntoClean can be used
either in the validation step (when ontologiesare engineeredor
restructured)or simultaneosly with the ontology construction
(when ontologies are built from scratch). These two method-
ologies are currently undegoing an integration process[5] as
part of the activities of the OntoWeb special interest group on
Enterprise-standard®ntology Environments (SIG’s home page:
http://delicias.dia.fi.upm es/ontoweb/sig-

tool s/index. ht m).

Methoddogies to obtain well-built ontologes, however, are not
enoughto supportthe semi-automaticoalescece processin fact
in orderto recogrise whethertwo concejts (that can be affected
by heterogeeity) are similar, we cannotonly rely on the the
termsdenotingthem, on the relationshipswith otherterms,andon
their descriptionsput we needto have a full understanohg of the
conceptsAs notedby McGuinness[23], an explicit representation
of thesemantic®f termswould be usefulto understandvhethertwo
conceptaresimilar. It emepgesthatthe currentontologymodelsare
not expressie enoudn to provide suchan explicit representatiorof
the semantics Even when hearyweight ontologiesare consideed
(thatis, conceptsdescribedn termsof attributes linkedby relations,



organisednto an Is-arelationshipand constrainedy axioms)their
expressvenessdoesnot allow a full account of the semanticof the
conceps described.

This paperis organisedasfollows: Section2 presentshe OntoClean
methodol@y and the notionsof formal ontologcal analysis,while
Section3 introduces our proposé for an ontology model encom-
passinga setof metapropertie$or attributeswhich arediscussedn
the following subsectionsThis ontology modd was also presented
in [39], in this paperwe do not discussary implementationissues
andwe concentrat®n the metapropertieglarifying therelationship
with the concept metapropertiesisedin OntoCleanand the role
attribute’s metaproprties play in associatingsensesto conceps.
Section4 discusseghe metapropeies and relatesthem with two
notions (identity and rigidity) of formal ontological analysisand
with roles.Thenwe proceedby presentingn Section5 andsubsec-
tions a novel approachto knowledge sharingthat we are currently
investigatingand which motivatedthe ontology modelpresentedn
Section3. This approach called ontolagy clustering is thought of
beingmore suitedto openevironmerts in which agentsnteroperate
with eachothers.We Finally, Section6 dravs concluisionsand in
Section?7 we describeuture work.

2 The philosophical notions of Identity, Unity,
Essence, and Dependence

OntoClean[44] is a methoddogy to perform a formal ontolay-

ical analysison taxonanies in order to to verify which formal

metapropertiefiold, thus making clear and explicit the modelling
assumptiongnadewhile designingthe ontologes. The clarification
and explication of the modelling assumptionds a necessarystep
to performin order to evaluate ontologies,it permits knowledge
engineerso detectandreconcileontologicalconflictsthatmayaffect
oneor moreontologes. Ontologicalconflictsmay becomeappareh
when two ontologes are comparel in orderto coalesceterm, and
they reveal casesof ontologcal heterogerity. For example two

well known ontologies,presentthe following conflict: one models
PhysicalObjectassubconeptof Amountof matterwheresheother
modelsAmourt of matteras subcorceptof Physicalobject, this is

a caseof ontology heterogenity dueto differentmodellingsof the
concefts. Ontologial conflicts needto be detectedand resohed if

termsareto be coalesced.

OntoClearis stronglybasedon the philosophcal notionsof identity;

unity, essencdrigidity), and depemence The attribute metaprop-
ertieswe presentin this paperarerelatedto thesenotions,and we

discusghembelow.

Identity: Identity is the logical relation of numerical samenes,
in which a thing standsonly to itself. Basedon the ideathatevery-
thing is whatit is and not anything else,philosoply hastried for a
long time to identify the criteriawhich allow a thing to beidentified
for what it is even whenit is cognisedin two differentforms, by
two different descriptionsand/or at two different times [45, 15].
This comprisesboth aspectf finding constitutive criteria (which
featuresa thing musthave in orderto be whatit is), and of finding
re-identificationcriteria (which featurea thing hasto have in order
to be recognisedas suchby a cogritive agent).Theseare distinct,
althoughequallyimportantaspectof identity.In fact, while identity
is notaffectedby the context andis basedn thetheintrinsic features
of an object,whereasre-identificationis affectedby context and it
is basedon featuresthat are externalto the object. For example,an
identity criterion for peoge is to have matchingfingerprints,sotwo

peoplearethe sameif they have the samefingerprints.Fingerprints
areintrinsic to the individual, they are not assignedoy an external
agent.A re-identificationcriterion might deperd on the role played
by the object: one can be a studentand an emplo/ee at the same
time, and is re-identifiedas studentby the studentid, whereasis
re-identifiedasemployeeby anemployeenumber

Although the problemof identifyingwhat featuresan entity should
have in orderto be what it is and recognisedas such has been
centralto philosoply, it did not have the sameimpactin conceptual
modellingandmoregenerallyAl. Theability to identify individuals
is centralto the modelling process more precisely it is not the
mere problem of identifying an entity in the world that is central
to the ontological representatiorof the world, but the ability to
re-identifyan entity in all its possibleforms or more formally re-
identificationin all possibleworlds 2 Thatis, the problemis related
to distinguishinga specificinstanceof a concepffrom its siblingson
the basisof certaincharacteristic propertieswhich are uniqgueand
intrinsicto thatinstancein its whole. Intrinsic propertiescorrespod
to the modelling primitive attributes Extrinsic propertiesrepresent
relations between classes,thus correspoding to the modelling
primitive relationshp.

This notionis, of courseinherentlytime depement,sincetime gives
riseto aparticularsystenof possibleworldswhereit is highly likely
that the sameinstanceof a conapt exhibits different features®.
This problemis known asidentity throughchange: aninstanceof a
conceptmay remainthe samewhile exhibiting different properties
at different instantsof time. Thereforeit becones important to
understandwhich featuresor propertiescan changeand which
cannot[44], and also the situationsthat can trigger such changes.
If we reformulate the identity problem as re-identificaion we
realisethat re-identificationis also affected by time; how canwe
re-identify the same instance at different instant of times? We
facethe re-identificationproblemin everydaylife; we are able to
recognisehefeatureghatpermitsusto distinguishaninstancefrom
the others,andwhenintrinsic featuresare not available,we ‘attach’
artificial featuresthatpermitusto establishidentity. Oneexampleis
the StudentiD, which is assignedo university studentsjn orderto
identify studentsunivocadly.

Unity: the notion of unity is often included in a more gener
alisednotion of identity, althoudh thesetwo notions are different.
While identity aims to characterisewhat is unique for an entity
of the world when consideredas a whole, the goal of unity is
that of distinguishirg the partsof an instancefrom the rest of the
world by meansof a unifying relationthat bindsthemtogether (not
involving anythingelse)[44]. For example,the question‘ls this my
car?’ represents problemof identity, whereaghe question‘ls the
steeringwheelpartof my car?’is aproblemof unity. Also thenotion
of unity is affectedby the notion of time; for examge, canthe parts
of aninstancebe differentat differentinstantsof time?

Essence The notion of essences strictly relatedto the notion
of necessity16]. An essentialpropertyis a propertythatis neces-
saryfor an object,thatis, a propertythatis true in every possible
world [22]. Basedon the notion of essenceGuarinoandcolleagues
[14] have introducel the notion of rigidity. A rigid propertyis a

2 Somephilosopherse.g.Lewis [21, page39 ff], hold that there is no such
thing astrans-vorld identity, althoughobjedsin oneworld canhave coun-
terpartsin otherworlds.

3 Herethe countepart theoly doesnot hold, andsoidenity through time is
always accepted.



propertythatis necessaryo all instancesn ary instantof time, that
is a property¢ suchthat: O(Vz, t¢(z, t) — OVt ¢(z, t')). For

this formula, andin the remainderof this paper we usethe modd

notions of necessityd and possibility ¢ quantified over possible
worlds (in Kripke’s semanticq18]), meaningthat the extensionof

predicateconcernsvhatexistsin arny possibleworld. We usethese
operatorsaccordirg to the following meanings:d ¢ meansthat ¢

holdsin all possibleworlds¢ ¢ meanghat ¢ is possiblej.e. that¢

holdsin at leastonepossibleworld.

Rigidity strictly depenls on the notionsof time and modality [38];

thispointis furtherelaboratedn Sectiord.2.1t isimportant,havever,

not to confusemodal necessitywith temporalpermanene. Moda

necessitymeansthat the propertyis true in every possibleworld.

Time is undoubtedly one partition of theseworlds, but temporal
permanenemeanghatthe propertyis truein thatworld (time), with

no informationconcerninghe otherpossibleworlds, andthis might
happerby purechane.

Dependene In OntoClean [44], the notion of depenénce is
consideredelatedto concep propertiesin this contet, dependace
permitsus to distinguishbetweenextrinsic and intrinsic propeties
basedn whetherthey dependon objectsotherthanthe onethey are
ascribedo or not.

In order to establishwhether these metapropertieshold, Onto-
Cleanis supportedy a descriptionlogic basedsystemthatcanhelp
knowledge engineergto assignthe metaprortiesto concefts and
to verify the taxonanic structureon the grourds of the modelling
methodola@y. In this paperwe focus our attentionon the process
of assigning the metapropeies. OntoClean guides knowledge
engineersn this processby askingthemto answersomequestions
suchas“Doesthe propertycarryidentity”. Knowledge engineergan
answeryes,no or unsure,in this latter casemore specificquestions
canbeasled,suchas"Are instance®f the propertycountalbe?”.
The OntoClean methodolog depems on the knowledge engi-
neersundeastandingof the ontologiesto analyseand can thus be
problematicif usedto evaluateindepen@ntly designedontologes.
Moreover, OntoCleandoesnot take into accourn the structureof
concep definitions,asit doesnot considerthe characteristiéeatures
(or attributeg thatmight have beenusedto defineconcepts.

This work proposesan enrichedontology model whoseaim is to
complementhe OntoClearmethoddogy, by providing anadditionad
way to determine metapropertiesto concefs. In our proposa
we describeconcepps in terms of their characterisingproperties,
which are in turn describednot only in terms of their structural
features(suchasrange,domain,cardinality etc.), but alsoin terms
of their metapropdies, which describethe contritution given by
thesepropertiesto the concep definition. We describethe enriched
ontology model and the metapropertiedor attributesin the next
sections.

3 Enriched ontology model

The ontology modelwe propo® comprisesoncepts attributes re-
lations and instances We do not consicer hereaxioms. Concepts
representhe entitiesof the domainandthe taskswe wantto modé
in the ontology Conceps aredescribedn termsof definingproper
ties, which arerepresentedby associatingan attribute with eithera
singlevalue or a setof values.Conceptsare organisedinto anIs-a
hierarchy so that a concept attributesandtheir valuesare inherited
by subcacepts.Multiple inheritanceis permitted,so attributesand

theirvaluescanbeinheritedfrom multiple parentsThe valuesasso-
ciatedwith an attribute canberestrictedin orderto provide a better
definitionof aconcept19].

Attributesare describedin termsof their structuralcharacteristics,
suchasthe conceptghatthey aredefining,their allowed values the
type of thevalues(string, integer, etc.),andthe maximumandmini-
mumvalues(if attributesarenumeric).Attributesarealsodescribed
in termof thefollowing metaprojrties:

e Attribute’s behaviou over time The metapropdies Mutability,
Mutability FrequencyEventMutability andReversible Mutability
provide abetterdescriptiorof attributesby characterisingheir be-
haviour overtime, thatis, whetherthey areallowedto chang their
value during the concept lifetime (Mutability) andhow often the
changeoccus Mutability Frequency, whetherthe charge is re-
versible(Reversible Mutability), andwhattriggerschang (Event
Mutability);

e Modality: this meta-propertys a qualitative descriptionof thede-
greeof inheritability of aconaptpropertyby its subcomrepts;

e Prototypesand Exceptions the metapropertiesrototypical and
Exceptionalaim to describepropertiesthat are prototypical for
a concept, that is the propertiesthat obtain for the prototypical
(from acognitive viewpoint,accordingo Rosch[30]) instance®f
aconcep. Exceptionsarethosepropertiesvhich canbe ascribed
to aconcept althoudh beinghighly unusial;

e |nheritanceandDistinctiorn inheritedmetapropertiesegardthose
propertiesthat hold becauséanheritedfrom an ancestorconcep,
they maybeoverruledin the morespecificconcept in orderto ac-
commodaténheritancewith exceptions Distinguishingarethose
propertieghat permitusto distinguishamongsiblingsof a same
concept.In other words a distinguishingproperty ¢ is a prop-
erty suchthato3dz ¢(x) A o3z —¢(x), thatis thereis possibly
somethingfor which the property ¢ holds,andthereis possibly
somethingfor which the property doesnot hold, and theseare
neithertautologicalnor vacuots [44]. Distinguishingproperties
might causedisjoint conceptsn the ontology’s taxonomicstruc-
ture.

Thesemetapropeies provide meansto distinguish betweennec-
essaryand suficient conditionsfor classmembershiplndeed,the
modalitymeta-propertyndthosedescribinghebehaiour overtime
permitthe identificationof essentialor rigid) propertiesandneces-
sarypropertiesarethosethat are essentiato all instancesf a con-
cept. Prototypicalpropertiesare goad candidateso identify suffi-
cientconditions,asdiscussedn Section3.3.
Relationsbetweenconceptsare supprted by the model asare in-
stancesFinally, theontologymodelsupportgoles.Conceptsarealso
usedto representoles which canbe though of describingthe part
playedby a conceptin a contet, (a more completediscussionon
rolesis postpored to Section4.3). Rolesare describedn termsof
their context, andtheformalrole relationshipholds,thatis, rolesare
relatedto conceptdy a ‘Role-of relations.
Thisontologymodelenricheghetraditionalmodelproposel initially
by Gruber[12], in thatit permitsthe characterisatiomf a concept
properties.From this viewpoint it should be more expressve. The
solution of addinginformation characterisingconceptpropertiesis
a controversialone. Although we do realisethat oftenit is not true
that‘more is better’,this work claimsthatan ontologymodelwhich
include this type of propertys characterisatiommight be helpful to
dealwith ontologyheterogeneityproblemsin two ways.On theone
handthe model complementghe setof formal ontological proper
ties propcsedin [44], and canguide in assigningtheseto concepts



in away which depend®n conceptefinitionsin termsof attributes.
Thismightresultparticularlyusefulwhenknowledgeengineerseed
to assignformal propertieso ontologesthey have notdesigned

On the other hand, this conceptal modelfor ontologiesfacilitates
a betterundestandingof the conceptsemanticsCurrentlyontology
meigeis performedby handbasedn the expertiseof theknowledge
engineersandon the ontology documentation Evenin this casethe
ontologymodelwe proposecanprove usefulby providing acharac-
terisationof the propertieswhich canhelp to identify semantically
relatedterms.The following subsectios describeall the metaprop-
ertiesfor attributesbut InheritanceandDistinction(which aretrivial)
morein detail:

3.1 Behaviour over time

Themetapropdieswhich modelthe behaiour of theattributesover
timeare:

e Mutability, which modelsthe liability of a concep propertyto
changea propety is mutableif it canchangeduringthe concep
lifetime;

e Mutability Frequencywhich modelsthe frequeng with which a
propertycanchangein aconcep description;

e EventMutability, which modelsthe reasonsvhy a propertymay
change Reversible Mutability, which modelsreversible changes
of theproperty

Thesemetapropertieslescribethe behaiour of fluerts over time,
wherethe termfluert is borrowved from situationcalculusto denote
a property of the world that can changeover time. Modelling the
behaviour of fluentscorrespond to modellingthe changsin prop-
ertiesthat are permittedin a concep descriptionwithout chandng
the essencef the concep. Describingthe behaiour over time also
involves distinguishirg propertieswhosechangeis reversible from
thosewhosechangses irreversible

Propertychanges over time are causedeither by the natural pas-
sageof time or aretriggeredby specificeventoccurrencesWe need,
therefore,to usea suitabletemporalframevork that permitsus to
reasonwith time andevents.In [39] we choseEventCalculus[17]
to accommalatethe representationf changesEventcalculusdeals
with local eventandtime periodsand provides the ability to reason
aboutchange in propertiescausedby a specificevent and alsothe
ability to reasorwith incompleteinformation.

Changeof propeaties canbe modelledasprocesse$35]. Processes
canbedescribedn termsof their startandendpointsandthechanges
thathappenin betweenWe candistinguishbetweercontinuasand
discrete changes the former describingincremenal changesthat
take placecontinuausly while the latter describechangesccurring
in discretestepscalledevents Analogausly we candefinecontinuais
propertiesto be thosechangirg regularly over time, suchasthe age
of apersonyersusdiscretepropertieswhich arecharacterisetty an
eventwhich causeghe propertyto changelf a propertys mutability
frequeng is regular (thatis it changesegularly), thenthe processs
continuots, if it is volatile the procesds discrete,andif it changes
onceonly in theconeeptlifetime, thenthe processds consicereddis-
creteandthetriggeringeventis setequd to time-point=T.

Any regularoccurrene overtime canbe,however, expressedn form
of an event, since most of the forms of reasoningfor continuais
propertiesrequire discreteapproximations Thereforein the ontol-
ogy modelwe presenthere,continuaus propeaties arethough of as
discretepropertiesnvherethe eventtriggeringthe changen property
is the passingof time from the instantt to the instantt’. Eventsare

alwaysthought of aspoint events andwe conside durational events
(eventswhich have a duration)asbeinga collectionof point events
in which the property whosemutability is modelledby the set of
metapropertiebold aslong asthe eventlasts.

3.2 Maodality: Weighing the validity of attributes’
properties

Thetermmodalityis usedto expresstheway in which a statements
trueor false whichis relatedto establishwhethera statementonsti-
tutesa necessgy truth andto distinguishnecessityfrom possibility
[18]. Theterm canbe extendedto qualitatvely measurehe way in
whichastatemenis trueby trying to estimatehenumtber of possible
worlds in which sucha truth holds. This is the view we take in this
work, by dending the degree of confidene that we can associate
with finding a certainworld with the meta-propety modality This
notionis analogusto therankingsdefinedby GoldszmidtandPearl
[10]: ‘Each world is ranked by a non-regativeinteger « represeting
thedegreeof surpriseassocigedwith finding sud a world’.
Herewe usethe term modality to denotethe degree of surprisein
finding a world wherethe property P holding for a concet C does
not hold for one of its subcomeptsC’. The additiond semantics
encompasedin this meta-propertyis importantfor reasoningwith
statementshat have differentdegreesof credibility. Indeedthereis
adifferencein assertingactssuchas‘Catsarepets’and‘All felines
arepets’,theformeris generallymorebelievable thanthe latter, for
which mary morecounter&amplescanbefound. The ability to dis-
tinguishfactswhosetruth holdswith differentdegreesof strengthis
importantin orderto find which factsaretruein every possibleworld
andthereforeconstitutenecessaryruth.

Theability to evaluatethedegreeof confidencen apropertydescrib-
ing aconcepis alsorelatedto the problemof reasoningvith ontolo-
gies obtainedby meme. In sucha case,mismatchesan ariseif a
conceptinheritsconflicting propertiesIn orderto be ableto reason
with theseconflictssomeassumptios have to be made,conceriing
onhow likely it is thata certainpropertyholds.In caseof conflictthe
propertys degreeof credibility canbe usedto apply someforms of
non monaonic reasoningor belief revision. For example,we could
rank the possiblealternatveson the groundsof the degreeof credi-
bility following anapproachsimilarto the onepresentedn [10].

3.3 Prototypes, exceptions, and concepts

In orderto geta full understandig of a conceptit is not suficient
to list the setof propertiesgenerallyrecognisedasdescribinga typ-
ical instanceof the concept but we needto considerthe known ex-
ceptions.In this way, we partially take the cognitive view of proto-
typesandgradedstructureswhich is alsoreflectedby the informa-
tion modelledin the meta-propertynodality. In this view all cogni-
tive catgoriesshav gradientsof membershipwvhich describehow
well a particularsubclasdits peoples ideaor imageof the catgory
to which the subclasshelong[30]. Prototypesare the subcortepts
which bestrepreseha cateyory, while exceptionsare thosewhich
are consideredexceptionalalthoughstill belongingto the category.
In otherwordsall thesufficientcondtionsfor classmembershigold
for prototypes.For example,let us considerthe biological cateyory
mammal a mondreme(a mammalwho doesnot give birth to live
young) is anexame of anexceptionwith respecto the propertyof
giving birth to live young.Prototypeslependon the context (thatis
on the specificdomainthatis conceptualisey thereis no universal
prototypebut thereare several prototypesdepering on the context,



thereforea prototype for the catggory mammalcould be cat if the
contet takenis thatof animalsthat canplay therole of petsbut it is
lion if theassumedaontext is animalsthat canplay therole of circus
animals In the ontology model presentedhbove the context canbe
partially describedby the roles applicableto the conceptfor which
prototypicaland exceptionalpropertiesare modelled.By providing
this examplewe do not meanthatary memberof the cateyory ani-
malsthat can play therole of petscould be a prototype but just that
prototypesvary if we vary the perspectie we aretaking on the do-
main. Thereforethereis no unique prototypefor the category animal
but a numbe of prototypesdepemling on how peoge conceptualise
the domain,andthis implies also contetual information, for exam-
ple whatis therole playedby animals.

Ontologiestypically presuppse context andthis featureis a major
sourceof difficulty whenmeigingthem,sinceinformationaboutcon-
text is not alwaysmadeexplicit.

Prototypesare also quite importantin thatthey provide a frame of
referencédor linguistic quantifierssuchastall, short, old, etc. These
quantifiersare usually definedor at leastrelatedto the prototypicd
instanceof the conceptwhich is being describedand indeedtheir
definitionchangsif we changethe point of reference.
Thereforeincluding the notions of prototypesand exceptionsper
mits us to provide a frame of referenceor definingthesequalifiers
with respecto a specificconcept For thepurpcseof building ontolo-
gies,distinguishingthe prototypicalpropertiefrom thosedescribing
exceptionsincreaseghe expressie power of the description.Such
distinctionsdo not aim at establishingdefault valuesbut ratherto
guaranteehe ability to reasonwith incompleteor conflicting con-
ceptdescriptions.

The ability to distinguishbetweenprototypesand exceptionshelps
to determinewhich propertiesarenecessargndsuficientconditions
for concept membershipln factapropertywhichis prototypicaland
thatis alsoinheritedby all the subconcptsbecomes naturalcandi-
datefor anecessargondition.Prototypestherefore permittheiden-
tification of the subcaceptsthatbestfit the cognitive cateyory rep-
resentedy the conceptin the specificcontet givenby the ontolagy.
On the otherhand, by describingwhich propertiesare exceptioral,
we provide a betterdescriptionof the membershigcriteriain thatit
permitsusto determinewvhatarethe propeatiesthat, althoughrarely
holding for that concept,arestill possiblepropertiesdescribingthe
cognitive category.

Prototypesand exceptionscan prove useful in dealing with con-
flicts arisingfrom ontologymemging. Whenno specificinformationis
madeavailableabou a conceptandit inheritsconflicting properties,
thenwe canassumehatthe prototypicalpropertieshold for it.

4 Discussion

The ontology model presentedn previous sectioncould be imple-
mentedin ary kind of ontology representatiofiormalisms.In [39]

we presentedan implementationof the ontology modelabove in a
frame-basedepresentatiofiormalism,thereforeattributeswere de-
scribedby associatingaluesto slots,andtheir structuraldescription
andmetapropertiesveremodelledby theslot's facets.

By addingthe metapropeiesto the ontology model,we provide an
explicit representatiorof the attributes’ behaiour over time, their
prototypicality and exceptiorality, and their degree of applicability
to subconcepts. This explicit representatiomay be usedto suppat

andcomplemat the OntoCleanmethoddogy [44], in thatthey can
help in determiningwhich metaprogrtieshold for concepts, aswe
will illustratein remaindeiof this section.

Furthermoretheenrichedontology modelwe proposeorcesknowl-
edgeengineersto make ontologcal commitmentsexplicit, thatis the
agreemenbn the meaningof the termsusedto describea domain
[13]. Knowledge sharingis possibleonly if the ontological com-
mitmentof the differentagentss madeexplicit. Realsituationsare
information-richevents,whosecontet is sorich that,asit hasbeen
amguedby Searle[32], it cannever be fully specified Whendealing
with realsituationsonemakes mary assumptioaaboutmeaningand
contet [31], andthesearerarely formalised But whendealingwith
ontologiestheseassumptionsnustbe formalisedsincethey arepart
of the ontologcal commitmentsthat have to be madeexplicit. En-
richingthesemantic®f theattributedescriptionswith thingssuchas
thebehaviour of attributesover time or how propertiesaresharedoy
the subconeptsmakessomeimportantassumption explicit.

The enrichedsemanticss essentiako recondle casesof ontology
heterogeniy. By addinginformation on the attributeswe are also
aiming to measurehe similarity betweenconcets more precisely
andto disambigate betweenconceps that seemsimilar while they
arenot.

A possibledravbackof enrichingthe ontology modelis thatknowl-
edgeengireersare requireda deeperanalysisof a domain.We re-
alisethat it makes the processof building an ontology even more
time consuming but we believe thata morepreciseontologicalchar
acterisatiorof the domainatleastbalancesheincreasedompleity
of thetask.Indeed,in orderto includethe attribute’'s metaproperties
to the ontology model,knowledge enginees needto have afull un-
derstandingnot only of the conceptthey aredescribing,but also of
the context in which the concep is used.Arguably they needsuch
knowledge if they areto performthe modellingtaskthorougHy.

The evaluationof the costto pay for this enrichedexpressieness
andof the kind of reasoningnferencegermittedby this modelare
strictly depen@nton thedomainandthetaskathand We canimag-
ine that the automaticcoalescene of termsmight requiremore so-
phisticatedinferenceswhosecost we cannd evaluatea priori. In
someothercasesthe simple matchingbetweenproperties’charac-
tersiationsmight helpin establishingor ruling out the possiblity of
semanticrelatednesskor example,two conceps are describedby
the samepropertiesbut with different characterisationghis might
indicatethatthe concepthave beenconceptuliseddifferently.

4.1 Identity

Theideaof modellingthe permittedchargesfor a propety is strictly
relatedto the philosoplical notion of identity. The metaproperties
modellingthebehaiour overtime are,thus,relevantfor establishing
the identity of concept descriptiong44], sincethe proposel ontol-
ogy model addressgthe problemof modelling identity whentime
is involved, namelyidentity through change, which is basedon the
commonsensenotionthatanindividua may remainthe samewhile
shawing differentpropertiesat differenttimes[16]. The knowledge
model we propcse explicitly distinguishesthe propertiesthat can
changefrom thosewhich cannot,anddescribeshe changesn prop-
ertiesthatanindividual canbe subjectedo, while still beingrecog-
nisedasaninstanceof a certainconcept.
Prototypicalandexceptioral propertiesandthe modality metaprop-
ertiesdescribinghow thepropertyis inheritedin the hierarchycanall
contritute to determinewhatarethe necessarandsufficient condi-
tions for classmembershipNecessaryand sufiicient conditionsare
ultimately the conditionsthat permitusto definethe propertiescon-
stitutive of identity andto distinguishthem from thosethat permit
re-identification.



In orderto find suitableidentity criteria (which permitto identify a
concef), knowvledge engineeishouldlook atessentiaproperty, that
is thosepropertiesvhich hold for anindividualin every possiblecir-
cumstancen which theindividual exists. It is importantto notethat
essentiapropertieshouldalsobeintrinsicif they have to be usedto
determindadentity.

Also inheritanceanddistinctioncontributeto identify identity cond-
tions, in thatidentity condtions have to belooked for amongdistin-
guishingproperties.

42 Rigidity

Identity throughchargeis alsorelevantto determinerigidity. In Sec-
tion 2 arigid propertyis definedas a propertythatis essentiato all
its instances

In [38] we have relatedthe notion of rigidity to thoseof time and
modality, and,by including in our ontology modela meta-property
modality and that concerningthe behaiour over time, we can pre-
cisely identify rigidity in the subsetof the setof possibleworlds.
Indeed,sinceanontology definesa vocahulary, we canrestrictour
selesto the setof possibleworlds which is definedasthe set of
maximaldescriptionbtainablausingthevocatulary definedby the
ontology[26]. By characterisingherigidity of apropertyin this sub-
setof possibleworlds we aim to provide knowledgeengineerghe
meando reachabetterunderstading of thenecessey andsuficient
conditionsfor the classmembershipHowever, this doesnot mean
that the rigidity of a propertydepers on ary accountof whether
the propertyis usedto determineclassmembersip or not. Thatis,
thefinal aimis to try to separataéhe propertiesconstitutive of iden-
tity from thosethatpermitre-identification Underthe assumptiorof
restrictingthe discourseto this setof possibleworlds, rigid proper
tiesarethosepropertieswvhich areinheritedby all subcaceptsand
thuswhich have a certaindegreeof belief associateavith the meta-
propertymodalityandthatcannd change in time.

It is importantto notethat, althoughin [39] we have modelledthis
informationasafacetwhich cantake valuein theset{All, Almostall,
Most,Possible A Few, AlImostone Nong}, thechoiceof suchasetis
totally arbitrary andit wasmeantto be such.Knowledge engineers
shouldbe able to associatewith this meta-propgy eithera proba-
bility value,if they know the probability with which the propertyis
inheritedby subconepts,or adegreeof belief (suchasa k-value,as
in [10], which depemison a e whosevaluecanbe changedaccording
to the knowledgeavailable, thus causingthe  functionto chang),
if the probalility functionis notavailable.

4.3 Rolesdependence on identity and rigidity

Rigidity is not only centralin orderto distinguishnecessaryruth but
alsoto recogriserolesfrom conceps. Thenotionof roleis ascentral
to any modellingactiity asthoseof objectsandrelations

A definition of role that makes use of the formal metaprop#ies
andincludesalsothe definition given by Sowa [34] is provided by
Guarinoand Welty. In [44] they definearole as:* the properties
expressingthe part played by one entity in an event, often exem-
plifying a particular relationshipbetweertwo or more entities.All

rolesare anti-rigid and depen@nt.. A property ¢ is said to be anti-
rigid if it is not essentiako all its instancesj.e. O(Vz, té(z, t) —

oIt =¢(z,t))...

A property ¢ is (externally) dependat on a property ¢ if, for all

its instancesz, necessarilysomeinstanceof ¢ mustexist, which
is not a part nor a constituentof z, i.e. VeO(é(z) — Jyy(y) A

-P(y,z) A ~C(y,z)), whereP(y, z) denoteghaty is apart of z
while C(y, =) dendesthaty is a constituentof z. In otherwordsa
conceptis arole if its individuals standin relationto otherindivid-
uals,andthey canenteror leave the extent of the conceept without
losing their identity. Fromthis definition it emegesthatthe ability
of recognisingvhetherrigidity holdsfor somepropertyg is essential
in orderto distinguishwhether¢ is arole.

Rolesmay be ‘naturally’ determinedwhen social context is taken
into accoun, andthe social context determineghe way in which a
role is acquiredandrelinquished For example,the role of Pr es-

i dent of the country is relinquisheddifferently dependhg
on the contet provided by the country So,for example,in Italy the
role may be acquiredand relinquishedonly oncein the lifetime of
an individual, whereasif the courtry is the United Sates the role
canbe acquiredandrelinquishedtwice, because presidentcanbe
re-elected Social corventions may also determinethat oncea role
is acquiredit canna be relinquishedat all. For example, the role
Pri est in acatholiccontet is relinquishedonly with the deathof
thepersorplayingtherole. Theability to distinguishrolesgivesalso
a deepe understanihg of the possiblecontets in which a concept
canbe used.Recogrising arole canbe equivalert to defininga con-
text, andthe notion of contet is the basison which prototypes and
exceptionsaredefined.

In [36] Steimanncomparesthe different characteristicghat have
beenassociatedn the literaturewith roles. From this compaison
it emegesthatthe notionof role is inherentlytemporalindeedroles
areacquiredandrelinquisheddepen@nton eithertime or a specific
event. For examplethe object person acquiresthe role teenaer if
the personis betweenl3 and 19 yearsold, whereasa personbe-
comesstudentwhenthey enroll for adegreecourse Moreover, from
thelist of featuresin [36] it derivesthat mary of the characteristics
of roles aretime or event related,such as: an object may acquire
andabanda rolesdynamically, may play differentrolessimultane-
ously, or may play the samerole several time, simultaneouslyand
the sequacein which roles may be acquiredand relinquishedcan
be subjectedo restrictionsIndeed whatdistinguishesarole from a
concept,n the modellingprocessjs thata role holdsduring a spe-
cific spanof time in which somepropertyholds. For example,the
role ‘Student’is applicableonly if the propertyof beingregistered
to a university holds. Therefore the metapropgies that model the
behaiour overtime permitstherepresentationf theacquisitionand
relinquishmenof arole.

For the aforementioed reasonsyaysof representingolesmustbe
supportedy somekind of explicit representationf time andevents.
Indeedthe proposel modelprovidesaway to modelrolesasfluents;
moreoser, by modellingthe reasorfor which a propertychange, we
provide knowledge engineestheability to modeltheeventsthatcon-
strainthe acquisitionor therelinquishmenbf arole.

5 A novel proposal to knowledge sharing

We have illustrated and discusseda ontology model which is en-
richedwith metapropéties providing a bettercharacterisatioof at-
tribute. This characterisatiois meantto helpin disambigating het-
erogeneasconcefs whenmeiging ontologies sincewe assumeéhat
two concepts canbe matdedif :

e their descriptioncomprisesattributeswith matchingnames(syn-
onyms,the nameof anattributeis includedinto the othet etc.);

e candidatematchingattributesaredescribedy matchingstructural
definitions(rangeof the attribute, cardinality etc.);



e candidatematchingattributesshav the samebehaiour in mod-
elling the concept,thatis, the samemetapropeties hold for the
attributes.

Matching similar conceptsplays a pivotal role in thoseappro@hes
to knowledge sharingwhich rely on sharedontologiesin orderto
performthe translationbetweenconceptsn heterogeeousontolo-
gies.Usually, knowledgesharingis obtainedby creatingoneshared
ontologiesto which all the agentscommit. However, suchan ap-
proachhasbeencomparedo imposinga standardand suffers from
the samedrawbacks [42]. In this paperwe propcse a novel archi-
tectureto knowledge sharing,which is though to be more scalable
andmaintainableandthusoffersmoresupportto the SemantidNVeb
paradigmwe have discussedn the Sectionl.

In contrastto an approachin which all resourcesshareone body
of knowledgeherewe proposeto locatesharedknowledge in mul-
tiple but smallersharedontologies.This approachis referredto as
ontology-basedresourceclustering,or shortly ontology clustering
[33]. Resourceso longer committo one comprefensive ontology
but they are clusteredtogetheron the basisof the similarities they
shav in the way they conceptulise the commondomain.Thus,we
have not one, but multiple sharedontologiesaggreatedinto clus-
ters.

Eachclustercanbe thought of asa micro-theorysharedby all the
agentghatconformto thatcluster Eachmicro-theoryis in turngen-
eralisedandthey areall eventudly generalisedby thetop-level ontol-
ogy which is a standardupperontologylik e the UpperCyc[20], so
asto obtaina structurethatis ableto reconciledifferenttypesof het-
erogeneity We discussherethe feasibility of building sucha struc-
ture,andin particular we have investigatedhe differentsimilarity
measureshatcanbeusedin orderto build clustersof ontologes.
This apprachis analogais to modularisationin softwareengineer
ing andis though of having the sameadvantags,which are:

e Modularity/separability: Eachclusteris like a modulein soft-
wareengineeringandrepresents specificaspecbf thedomain;

e Composability: Differentclustersare compose by generalising
the concefts that are commonto them. This is the first stepto
permitheterogeneusresourceso communicate;

e Scalability: The addition of a new resourceto the architecture
requiresonly the productionof themappirg rulesbetweertheon-
tology associatedo thenew resourceandtheclusterto whichthis
resourcebelongs;

e Impact of change minimisation: If a concep descriptionneeds
to be charged only the mappingrules betweenthe updatedon-
tology andthe clusterto which this ontology belongsneedto be
rewritten;

e Division of ontology authoring efforts: Ontologiescompasinga
clusterdo not needto be authoredby the samepeopleaslong as
their conceptanbe mappel into the conaeptsof the cluster

e Accommodation of diverse formalisations: A cluster can be
comprisedof ontologiesrepresentinglifferent formalisationsof
the samedomain,suchasdifferenttemporalontologies.

This approacthasnot beentestedyet, thereforewe canonly foresee
somedisadwantages:

e Thereis no methodolog which permitto build the structureof
ontologyclusters;

e Compleity of thefirst orderclusteringproblemfrom themachine
learningviewpaint;

e Lackof semantic-sensite similarity measurdo useto assesshe
similarity amongconcefts;

e Lackoftoolsthatcansupporthebuilding of theontologyclusters.

5.1 Ontology clusters

Ontology clusteringis basedon the similarities betweenthe con-
ceptsknown to differentresourceswhereeachresourcerepresents
a different aspectof the domain knowledge. We assumethat the
ontologiesmodelling the resourcesare consistent,non-reduiant,
andwell structured.We also assumethat the ontologieshave been
built with a methoddogy includinga formal evaluation step,suchas
Methontology [11]. We alsoassumehatthe ontologiesarespecified
by usinga languagethat conformsto the ontology modeldescribed
above.

Sinceour resourcesieedto communicaten a sensiblefashionthey
areall supmsedto be familiar with somehigh level conceptsWe
grouptheseconceptsn an ontologyrootedat the top of the hierar
chy of ontologies.As it describesconcepts that are specificto the
domainandtasksat handwe referto this ontologyastheapplication
ontology(following VanHeijstandcolleagus, [41]. Theseconcepts
are reusablewithin the applicationbut not necessaly outsidethe
application.The concep definitionsin the applicationontology are
chosenfrom an existing top-level ontology, which in our caseis
WordNet [25]. The application ontology thus containsa relevant
subsetof WordNetconceps. For eachconcep one or more senses
are selected,depenling on the domain. If some resourcesshare
conceptsthat are not sharedby other resourceghen this leadsto
the creationof two (or more) sibling ontologes. Eachsibling is a
consistentextensionof its parentontology but heterogeneas with
respectto its peers.We do not poseary restrictionto the typesof
heterogenity thatcanaffectthe ontologies.

A clusteris referredto asa group of consistehontolagies (possibly
one) in our structue and is describedby an ontolagy which is
shaied by thosecomposingthe cluster. Both ontology clustersand
ontologieswithin eachclusterareorganisedn ahierarchicafashion
where eachsibling cluster specialiseghe concefts that are in its
parent cluster However, while multiple inheritanceis permitted
within the ontologes, it is not permitted between ontologies,
thereforethe structureof clusterss atree.In this structurethelower
level clustershave more preciseconcep definitionsthanthe higher
levels,makingthe lattermoreabstract.

Clustersare linked by restriction or overriding relations, that is
conceptsn oneparentontologyareinheritedby its childrencluster
but overriding is permitted[42]. The link betweenthe resources
and the local ontologies,on the other hand is different,andis a
mappingrelationasdefinedin [42], thatis a function preservinghe
semantics.

Figure 1 illustratesan examge of this structure,whereLocal Ont.
arethelocal ontologies.

Since different siblings can extend their parent cluster concepts
in differentways the clusterhierarchypermitsthe co-eistenceof
heterogeneus(sibling) ontologies Figurel illustratesthis particular
structure,where Local Ont.1, Local Ont.2, Local Ont.3, and
Local Ont.4 arethe local ontologies,Shared,» is the ontology
sharedby the local ontologes 1 and 2. Analogausly Sharedss is
the ontology sharedby the local ontologes 3 and 4. Sharedi234
indicatesthe ontology sharedby the two below thatis Shared:»
and Sharedss, and in this example is the application ontology
itself, here denotedby Application Ontolagy. If some ontologies
shareconcepps that are not sharedby otherontologes thenthereis
areasonto createa new cluster A new ontology clusterhereis a
child ontologythat definescertainnen conceptausingthe concepts
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alreadycontainedin its parentontology. Ultimately, ontologiesare
likely to have conceptghatare not sharedwith arny otherontology
In our ontologystructure we thencreatea separatedomain-speific
ontology as sub ontology of the cluster in which the ontology
resides We refer to theseontologes aslocal ontologies.The local
ontologiesare the leaf nodesof our ontology hierarchy In each
of the ontologes in the structure,concefts are describedin terms
of attributes and inheritancerelations holding in the ontologys
structure. Conceptsare hierarchicallyorganisedandthe inheritance
(with exceptiors) allows the passingdown of information through
the hierarchy Multiple inheritanceis only permitted within the
ontologies.

Conceptsare expressedin terms of inherited and distinguishing
attributes.To the setof inheritedattributesotherattributesareadded
to distinguishthe specificconcept from themoregenerabne.These
attributesdescribethe characteristidifferencesbetweena concep
and its siblings. The distinguishing attributes are used to map
concefts from a sourceontology into a target ontology preserving
themeaningof the concept.

5.2 Towardsthe semi-automatic construction of
ontology clusters

The structureof ontology clustersintroducedin Section5.1 builds
on the ability of identifying similar conceptsin differentontologes.
Identifying which conceptsare similar and assessinghe degree of
semanticsimilarity betweerthemare,thus,two essentiabtepsn the
processof building ontology clusters.However, assessinghe sim-
ilarity betweenconceptsin diverseontologiesis not a trivial task
becausef the heterogenity that canaffect conceptsand their de-
scriptions.

The problemof assessingemanticsimilarity hasreceved muchat-
tentionin the artificial intelligencefield [27], [3]. In theseefforts,
‘semanticsimilarity’ refersto aform of semantiacelatednesssinga
network representatiorin particular Radaandcolleagus [28] sug-
gestthat similarity in semanticnetworks canbe assessedolely on
the basisof the IS-A taxonamy, without consideing othertypesof
links. One of the easiestvay to evaluatesemanticsimilarity in tax-
onomiess to measurehedistancebetweerthenodes corresponihg
to theitemsbeingcomparedthatis the shorterthe pathbetweerthe
nodesthemoresimilarthey are.Thisway of assessingemantisim-
ilarity might be usefulfor semanticnetworks, however hasthe ma-
jor dravbackof computing the semantiadistancebetweenconcepts

which have a commonancestg andthusit is not suitablefor as-
sessinghe similarity of heterogeneuslocal ontologiesthathave to
be clustered Moreover, this methoddoesnot fully exploit the struc-
ture of theconceptrepresentatiorsinceit doesnot take into account
the concept descriptionin termsof attributes relationshipsetc.thus
makingit moresensitve to synorym andhomorym heterogenity.

In fact, only few efforts are addressinghe problem of facilitating
the (semi)automaticreconciliationof differentontologiesandthey
have beenmainly developed for memging differentontologes. Rec-
onciling differentontologesinvolvesfinding all the conceps in the
ontologieswhich aresimilarto oneanotherdeterminenvhatthe sim-
ilarities are, and either changethe sourceontologiesto remove the
overlapsor record a mappingbetweenthe sourcesfor future ref-
erence[9]. Similarity in theseefforts is mainly lexical and not se-
mantic. Most systemsfor ontology meiging rely on dictionariesto
determinesynanyms, commonsubstringsn the coneptnamesand
conceptsvhosedocumemation sharemary unusualwords.They do
not take into accounttheinternalstructureof conceptrepresentation
andthe structureof the ontology.

The ontology meging ervironmentChimaerg24] partially consid-
ersthe ontology structurein thatit assessimilarity betweencon-
ceptsalsoon the groundsof the subclass-guerclasgelationshipand
theattributesattachedo theconcept. AnchorPROMPT [9] reconciles
ontologiesby finding matcing terms thatis, termsfrom different
sourceontologiesthat represensimilar concepts AnchorPROMPT
asses$oth lexical andsemantiamatchesxploiting the contentand
structureof the sourceontologies(namesof classesandslots, sub-
classessuperclassedomainsandrangef slotvalues etc.),andthe
users actionsin meiging the ontologies However, the methodused
in Anchor-PROMPT is basedon the assumptiorthat if the ontolo-
giesto be meged cover the samedomain,the termswith the same
nameare likely to representhe sameconcepts.Suchan assump-
tion is agoad rule of thumb,but doesnot take into accountcaseof
heterogenigy amongthe sourceontologes.In fact, similar concepts
might have differentnamesandbe describedy attributeswith dif-
ferentnamesMoreover, the hierarchicalstructureof the sourceon-
tologiesmight be different, thus a certainsubclass-goerclassrela-
tionshipholdingin onesourceontologymightnotholdin the others.
The ontology modelwe have presentechasbeeninspiredby a par
ticularapproat to assessemanticsimilarity [29], wheretheauthors
proposea methodfor assessingemanticsimilarity which takesinto
accounthedifferencesn thelevel of explicithessandformalisation
of the sourceontologesspecificationsThis methoddoesnotrequire
ana priori sharedontology, andthusmakesit suitablefor building
the ontology clusters.The similarity betweenconceyts in different
sourcentologiesis assessetly a matchingprocessover synorym
sets(thusaccountingor lexical similarity), semantimeightorhood,
anddistinguishingfeatures The useof distinguishingfeaturego as-
sesssimilarity enableghe authorsnot only to hande binary similar
ity measuregypicalof lexical similarity (two termsareeithersimilar
or not), but alsoto conside gradientsof similarity. Thisis basedon
the assumptiorthat, in orderfor conceps to be consideredsimilar,
they should presentsomecommonfeatures.By assessingimilar
ity on the groundsof the distinguishingand commonfeatures this
methodaccours for thoseproblemof synorym termsheterogaeity
thatcanaffect both conceptsandattributes.

In [29] the authorsargue that from an analysisof differentfeature-
basedmodelsfor semanticsimilarity hasemepged the necessityto
accounffor the context depemlenceof therelative importanceof dis-
tinguishingfeaturesand asymmetriccharacteristiof similarity as-
sessments.



Themethodpropcsedby Rodﬁguezand Egenhofeiis basedn Tver
sky [40] matchingprocesswhich produce asimilarity valuethatde-
pendson both commonanddifferentcharacteristicln orderto take
into accountcommonanddistinguishingfeaturesinto the matching
processthe usualontologymodelis extendedto includealsoanex-
plicit specificationof the features.By featuresthe authorscollec-
tively meanthe setof functions,parts andattributes Functionsrep-
resentthe intendedpurposeof the instanceof the conceptthey de-
scribe.For examplethe function of a university is to educateParts
are the structuralelementof a concep, andthey do not necessar
ily coincidewith thoseexpressinghe part-of relationshipwhile at-
tributescorrespad to additionalcharacteristicef aconcep thatare
not consideredo be neitherpartsnor functions.

It couldbearguedthatenrichingtheconcepstructureby distinguish-
ing betweerparts functionsandattributescangive riseto thearticu-
lation of new typesof mismatchesssociateavith theclassifications
of featuresHowever, theauthorsclaimthattheadwerntagesof enrich-
ing the conceptstructure hamelya matchingprocesghatcompares
correspoding characteristic®f concefts, and the ability to distin-
guishdifferentaspect®f the context, modelledby thefeaturespver-
weightsthe possibledisadwantagedieriving from ahighernumbe of
mismatches.

We belia/ethatRodﬁguezandEgenhoferapproacho assesseman-
tic similarity risesan importantissue,which is that, in orderto be
ableto have a betterassessmerof semanticsimilarity (that gives
alsogradientsof similarity andnot only a binaryfunction)it is nec-
essanyto provide aricherdescriptionof the structureof the concepts
in the sourceontologies However, we believe thatthedistinguishing
featuresproposel in [29] overlapwith the semanticalreadymod-
elledby somerelationshipssuchaspart-of.

6 Conclusions

Sharingontologiesindepenéntly developedis a burning issuethat
needsto be solved. This paperpresentsa setof metaprogrtiesde-
scribing conceptcharacteristideatures(attributes)that canbe used
to suppat both the processof building correctontologies(by com-
plementingandsupportingheformal ontologicalanalysigperformed
by theOntoClearmethodolog [44]) andthedisambiguatiorof cases
of ontologyheterogeeity. Formalontologicalanalysiss usuallyde-
mandingto performandwe believe thatthe setof metaprortiesfor
attributeswe proposecansupportknowvledge engineersn determin-
ing the metapropertieiolding for the conceptsby forcing themto
male the ontologicalcommitmentsexplicit.

The metapropertiesve propose namelyMutability, Mutability Fre-
queng, Reversible Mutability, Event Mutability, Modality, Proto-
typicality, Exceptionality InheritanceandDistinctionencompasse-
manticinformationaimingto characteris¢hebehaiour of propeties
in the coneeptdescription We have aguedthat sucha precisechar
acterisationmight help to disambiguateamongconceptsthat only
seemsimilar, andin turn cansupportmappingsacrossthe structure
of multiple sharedontologiesthat we have devisedasalternatve to
thecurrentapproaclkesto knowledge sharing We claimthatthischar
acterisatiorof the concept propertiess alsovery importantin order
to provide a precisespecificationof the semanticof the concepts.
Suchcharacterisatiors essentialf we wantto performaformal on-
tologicalanalysisjn whichknowledge engineerganpreciselydeter
mine which formal tools they canusein orderto build an ontology
which hasataxoromythatis cleanandnotverytangled.Thenovelty
of this characterisatiors thatit explicitly representthebehaiour of
attributesovertime by describinghepermittedchangesin aproperty

thatdescribeaconceptlt alsoexplicitly representtheclassmember
shipmechanisnby associatingvith eachattribute (representeih a
slot)aqualitative quartifier represeting how propertiesareinherited
by subconcets. Finally, the modeldoesnot only describethe proto-
typical propertiesholdingfor aconceptut alsotheexceptionalones.
By providing this explicit characterisationye areaskingknowledge
engineergo make morehiddenassumptiongxplicit, thusproviding
a betterundestandingnot only of thedomainin general put alsoof
therole aconcept playsin describinga specificdomain

This paperhasalso presented structureof multiple sharedontolo-
giesfor knowledge sharing.Although this is still on goingresearch,
we believe thatsucha structurehasadwantages over the othersespe-
cially if consideredn thecontext of anopenenvironment suchasthe
Internet.We believe thatthis kind of modularisatioris thekey to ap-
plicationswhereintelligentagentwhoseknowledgeis represented
by ontologies)interoperatelynamically by agreeingon the vocahu-
lary (andsharedknowledge) whichis closerto theconcepualisations
of only thoseagents which are involvedin the interoparation and
not of all agentghatcanbe potentiallyinvolved. We realisethatwe
have not investigatedn sufficient detail the issuesrelatedto build-
ing suchstructurein an efficient and costeffective manneyandthe
relationshipsxisting within andbetweenthe ontologiescomposng
the structure(both topics arefuture researctdirectionsthat we will
consider seenext section);but we think thatwe have laid the basis
for futureresearch.

7 Futurework

Futureresearclon ontology clustersconcernghe relationshipsbe-
tweenandwithin ontologieswhich needto be clarifiedwith respect
to previous work presentedn the literature. Two candidae setsof
relationshave beenidentified ,theseareBorst's ontolagy projections
includeandextend,includeandspecialiseincludeandmap|2]; and
Visserand Cui's ontolagy relations subset/suerset,extension re-
striction,mapping[42]. Anotherissueemeping from thisresearclis
how knowledge sourceqor agents)reachconsensson which clus-
ter in the structureof multiple sharedontologes they have to join
in orderto achieve interoperationThis kind of consesusshouldbe
basedon suitablesimilarity measurethat take into accountthe se-
manticsof the conceptsinvolved, andthe semanticof their proper
ties. Thereareno similarity functionsof this type,thatwe areaware
of, andit would beinterestingo investigatecomple similarity mea-
sures,suchas thosefor symbolic objects[4]. We are particularly
interestedn investigatingsimilarity functionsthat make useof the
extra semanticsprovided by the conceptual metamodel,n a way
analogos to the similarity measurepresentedn [29]. Thesekind
of similarity functionsusually provide a measureof the degree of
similarity amongdifferentconepts,and not just a binary measure
thatindicateswhethertwo concepps aresimilar or not.

From the viewpoint of the ontology concepual metamodg future
work includeunderstanihg thekind of inferencesaandthe reasoning
mechanismshataresupporteddy the additionalsemanticsncluded
in the ontology metamodelln orderto supportcomplex reasoning
inferencesywewill considettheimplementatiorof themetamodein
somedescriptionlogic’s basedanguag, which shouldprovide the
capabilitiesto performthe inferencesThis modelis also quite de-
mandingto use,future work shouldconcentratelsoon identifying
the kinds of applicationsthatcanbenefitfrom the expressie power
provided by this model.

In orderto testthe effectivenessof the conceptubmetamodk we
areplanningto include the metapropdiesin tools to build ontolo-



giessuchasWebOd€[1] or Proege [7].
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