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Abstract. In amultidatabasesystem,schematicconflictsbe-
tween two objects are usually of interest only when the
objects have some semanticsimilarity. We use the con-
ceptof semanticproximity, which is essentiallyan abstrac-
tion/mappingbetweenthe domainsof the two objectsasso-
ciated with the contextof comparison. An explicit though
partial contextrepresentationis proposedandthespecificity
relationshipbetweencontextsis defined.The contextsare
organizedas a meetsemi-latticeand associatedoperations
like the greatestlower bound are defined.The context of
comparisonand the type of abstractionsusedto relate the
two objectsform the basisof a semantictaxonomy.At the
semanticlevel, the intensionaldescriptionof databaseob-
jects provided by the context is expressedusing descrip-
tion logics.The termsusedto constructthecontextsareob-
tainedfrom domain-specificontologies. Schemacorrespon-
dencesare usedto storemappingsfrom the semanticlevel
to the datalevel andareassociatedwith the respectivecon-
texts. Inferencesabout databasecontent at the federation
level aremodeledaschangesin the contextandthe associ-
atedschemacorrespondences.We try to reconcilethe dual
(schematicandsemantic)perspectivesby enumeratingpos-
sible semanticsimilarities betweenobjectshaving schema
and data conflicts, and modeling schemacorrespondences
astheprojectionof semanticproximity with respectto (wrt)
context.

1 Intr oduction

Many organizationsface the challenge of interoperating
amongmultiple independentlydevelopeddatabasesystems
to performcritical functions.With high interconnectivityand
accessto manyinformationsources,theprimary issuein the
future will not be how to efficiently processthe datathat is
knownto berelevant,but to determinewhichdatais relevant
[She91]. Thus, the fundamental question in interoperability
is that of identifying objects in different databases that are
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semantically related, and then resolving the schematic differ-
ences among these objects. In this paper,we are interested
in the reconciliationof the semanticandschematicperspec-
tives andits useasa steptowardsinformationfocusingand
correlation acrossmultiple databases.

We characterizethe degreeof semanticsimilarity be-
tween a pair of objects using the concept of semantic
proximity [SK92]. It is basedon the premise that it is
essentialto associatethe abstractions/mappingsbetween
the objects with the context of comparison for captur-
ing the semanticsimilarity betweenthem.Otherresearchers
in the field of multidatabaseshave also made observa-
tions that are similar in principle, but different in details
[ON93, SSR92, YSDK91]. This associationof contextwith
abstractionsrepresentsthe first stepin achievingthe recon-
ciliation betweenthe semanticandschematicperspectives.

Inadequaciesof purely structural and mapping-based
methodsare discussed,and explicit representationof con-
text is proposedto resolve some inadequacies.Computa-
tional benefitsof representingcontextarealsodiscussed.We
proposea partial representationof contextasa collectionof
contextualcoordinatesand their values.This representation
is usedto describeobjectsand the constraintswhich they
must satisfy in an intensionalmanner.The meaningof the
contextualcoordinatesand their valuesare informally ex-
plained by expressingthe context using descriptionlogic
(DL) expressions[BS85].

In orderfor a contextrepresentationto be useful for se-
mantic interoperabilityin multidatabases,it is importantto
haveautomaticwaysof comparingandmanipulatingthem.
Basedon the proposedrepresentationof context,we define
the specificity relationshipbetweentwo contexts.A defi-
nition of the specificity relationshipand the greatestlower
bound(glb) andotheroperationson contextsarepresented.
Thespecificityrelationshipinducesa partialordersuchthat,
for any two contexts,thereexistsa glb leadingto the orga-
nizationof the contextsetasa meetsemi-lattice.

The semanticproximity descriptorconsistsof context
and abstractionas its main components.Dependingon the
valuesassumedby thesetwo components,we definea data
model-independenttaxonomyof semanticsimilarities. The
possiblevaluesof the first componentcanbe contextscon-
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structedusingthevariousoperationsmentionedabove.Clas-
sification or taxonomiesof schematicdifferencesappearin
multidatabaseliterature.However,purely schematicconsid-
erationsdo not suffice to determinethe similarity between
objects[FKN91, SG89]. We try to reconcilethe two per-
spectivesby enumeratingthe possiblesemanticsimilarities
betweenobjectshavingschematicanddataconflicts.

Even though the representationof semanticsbetteren-
ablesusto representthesimilaritiesbetweenthevariousob-
jects,wealsoneedto beableto capturestructuralsimilarities
in a mathematicalformalismfor reasoningon thecomputer.
We definethe conceptof schemacorrespondencesto cap-
ture the structuralsimilaritiesbetweenthe objects.They are
alsoassociatedwith thecontextin which thesemanticprox-
imity is defined.We reconcilethe semanticand schematic
perspectivesby defining the schemacorrespondenceas a
projection of the semanticproximity with respectto (wrt)
context.The semanticsof the projectionoperationarecap-
turedin the rulesof the algebraenumeratedin Appendix1.

The overall organizationof the paperis as follows. In
Sect.2, we presenta model to representsemanticsimilari-
ties amongobjects.In Sect.3, we discussthe rationalefor
representationof contextin amultidatabaseenvironmentand
proposeanexplicit, thoughpartial,representationof context.
The associatedoperationsfor reasoningaboutandmanipu-
lating thecontextrepresentationsarealsodefined.In Sect.4,
a taxonomyof the varioustypesof possiblesemanticsimi-
larities betweenthe variousobjectsis presented.In Sect.5,
we discussa broadclassof schematicdifferencesand the
possiblesemanticsimilaritiesbetweenobjectshaving those
differences.In Sect.6, we definea uniform formalism for
representationof structuralsimilarity. It is associatedwith
thecontextandis definedastheprojectionof semanticsim-
ilarity. Examplesillustrating the operationsfrom an algebra
describingthe projection operation(Appendix 1) are pre-
sented.A discussionof relatedwork is presentedin Sect.7.
Conclusionsandfuture work arepresentedin Sect.8.

2 Semanticsimilarities betweenobjects

In this section,we discusstheconceptof semanticproximity
which characterizessemantic similarities betweenobjects.
We distinguishbetweenthe real world andthe modelworld
which is a representationof the real world. As in the work
in semanticdatamodeling[HK87, PM88], we endeavorto
capturesomeof the important semanticinformation about
therealworld andrepresentit in themodelworld. However,
overandabovethesemanticsof thedata,we alsoattemptto
capturesemanticsof queriesandapplications.This enables
us to supportsemantics-basedfocusing and correlationof
informationacrossmultiple databaseswith respectto an ap-
plication.

Attempts have beenmadeto capturethe similarity of
objectsby usingmathematicaltools like valuemappingsbe-
tweendomainsandabstractionssuchas generalization,ag-
gregation,etc. However,it is our belief that the real-world
semantics(RWS) of an object1 cannot be capturedsuffi-
ciently using mathematicalformalisms.The term “object”

1 The term “real-world semantics”distinguishesfrom the “(model) se-
mantics” that can be capturedusing the abstractionsin a semanticdata

in this paperrefersto an object in the model world (i.e., a
representationor intensionaldefinition in the model world,
e.g.,an object classdefinition in object-orientedmodelsor
relation in relationalmodels)as opposedto an entity or a
conceptin the real world. Theseobjectsmay model infor-
mation at any level of representation,suchas the attribute
or entity level.

We needto understandandrepresentmoreknowledgeto
capturethe semanticsof relationshipsbetweenobjects.This
knowledgeshouldbeableto capturethecontext of compar-
isonof theobjectsandtheabstraction relatingthedomains
of the two objects.Attemptsto partially representsuchex-
tra knowledgeinclude the use of meta-attributes[SSR92]
andbuilding andpartitioningontologiesinto micro-theories
[Guh90].

Attempts to representcontext and abstractionas sug-
gestedabovehavebeenreflectedin the techniquesandrep-
resentationalconstructsusedby variouspractitionersandre-
searchersin the field of multidatabases.The model for se-
manticproximity definedin this sectionhasbeeninfluenced
by theseattempts.Somesignificantattemptsaretheseman-
tic proximity proposalby Shethand Kashyap[SK92], the
context building approachby OukselandNaiman[ON93],
the context interchangeapproachby Scioreet al. [SSR92]
andthecommonconceptsapproachby Yu et al. [YSDK91].
We relatethe aboveattemptsto semanticproximity.

2.1 Semanticproximity: a modelfor semanticsimilarity

Given two objectsO1 andO2, the semanticproximity be-
tweenthemis definedby the 4-tuplegiven by [SK92]:

semPro (O1, O2)
=< Context, Abstraction, (D1, D2), (S1,S2)>,
whereDi is domainof Oi andSi is stateof Oi.

– Thefirst componentdenotesthecontextin which thetwo
objectsO1 andO2 arebeingcompared.This contextmay
be the same,different,or relatedin somemannerto the
context(s)in which the objectsO1 andO2 aredefined.

– Thesecondcomponentidentifiestheabstraction/mapping
usedto relatethe domainsof the objects,O1 andO2.

– The third componentenumeratesthe domaindefinitions
of the objects,O1 andO2. The domainsmay be defined
by either enumeratingthe valuesas a set or by using
existingtype definitionsin the database.

– The fourth componentenumeratesthe statesof the ob-
jects,which aretheextensionsof theobjectsrecordedin
their respectivedatabasesat a particulartime.

In Fig. 1 we haveillustratedthe definition of the semantic
proximity betweentwo objectsO1 and O2 in the database.
Context(O1) andcontext(O2) representthecontexts(referred
to asdefinitioncontextslater in the paper)in which the ob-
jectsO1 andO2 aremappedfrom therealworld to themodel
world. Contextrefersto thecontextin which theobjectsare
beingcompared.

model.Our definition is alsointensionalin natureanddiffers from the ex-
tensionaldefinition of Elmasri et al. [ELN86] who definethe RWS of an
object to be the setof real-worldobjectsit represents.
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Fig. 1. Semanticproximity betweentwo objects

2.2 Context:thesemanticcomponent

Thecontextis thekey componentin capturingthesemantics
relatedto anobject’sdefinitionandits relationshipsto other
objects.Alternativesdiscussedin themultidatabaseliterature
for representingcontextareasfollows.

– In [ON93], context is definedas the knowledgethat is
neededto reasonaboutanothersystem,for the purpose
of answeringa query.It is specifiedasa setof assertions
identifying thecorrespondencesbetweenvariousschema
elements.

– In [SSR92], contextis definedas the meaning,content,
organizationandpropertiesof data.It is modeledusing
meta-dataassociatedwith the data.

– In [YSDK91], commonconceptsare proposedto char-
acterizesimilarities betweenattributesin multiple data-
bases.

– When using a well-defined ontology, such as Cyc
[Guh90], a well-defined partition (called Microtheory)
of the ontologyis assigneda context.

– A context may be identified or representedusing the
following [SK92].
– by associationwith adatabaseor agroupof databases
– asthe relationshipin which an entity participates
– from aschemaarchitecture(e.g.,themultidatabaseor

federatedschemaarchitectureof [SL90]), a context
can be specifiedin terms of an export schema(a
contextthat is closerto the database)or an external
schema(a contextthat is closerto the application)

– at a very elementarylevel, asa namedcollectionof
domainsof objects

A contextmay be usedin severalways to capturethe
relevant semantics.A context may be associatedwith an
object to specify the assumptionsusedin its designand its
relationshipswith otherobjects.However,the term context
in semProrefersto thecontextin whichaparticularsemantic
similarity holdsbetweentwo objects.As we shall seelater,
the context in semProneednot be the exactly the sameas
the contextsassociatedwith the objects.

2.3 Abstractions/mappings:thestructural component

We usethe term abstractionto refer to the relationbetween
the domainsof the two objects.Mapping betweenthe do-
mains of objectsis the mathematicalexpressionto denote

the abstractions.However,sinceabstractionsby themselves
cannotcapturesemanticsimilarity, they haveto be associ-
atedeitherwith thecontext[KS93] or with extraknowledge
in order to capturethe RWS. Someof the proposalsareas
follows.

– In [SK92], abstractionsare defined in terms of value
mappingsbetweenthe domainsof objectsandareasso-
ciatedwith the contextas a part of the semanticprox-
imity.

– In [ON93], mappingsare definedbetweenschemaele-
mentscalled interschemacorrespondenceassertionsor
ISCAs.A setof ISCAs underconsiderationarea repre-
sentationof the contextfor integrationof the schemas.

– In [SSR92], mappingscalled conversionfunctions are
associatedwith themeta-attributeswhich definethecon-
text.

– In [YSDK91], the attributesare associatedwith “com-
mon concepts”.Thus the mappings(relationship)be-
tween the attributesare determinedthrough the extra
knowledgeassociatedwith the concepts.

Someusefulandwell-definedabstractionsare

Total 1-1 valuemapping.For everyvalue in the domainof
oneobject,thereexistsavaluein thedomainof theother
objectandvice versa.

Partial many-onemapping. In this case,somevaluesin the
domainof one of the objectsmight remainunmapped,
or a valuein onedomainmight beassociatedwith many
valuesin anotherdomain.

Generalization/specialization.One domain can generalize/
specializethe other,or domainsof both the objectscan
be generalized/specializedto a third domain.

Aggregation. One domaincan be an aggregationor a col-
lection of otherdomains.

Functionaldependencies.The valuesof one domainmight
dependfunctionally on the otherdomain.

ANY. This is usedto denotethatanyabstractionsuchasthe
onesdefinedabovemay be usedto define a mapping
betweenthe domainsof two objects.

NONE. This is usedto denotethat thereis no mappingde-
fined betweenthe domainsof two objects.

2.4 Domainsof theobjects

Domainsrefer to the setsof valuesfrom which the objects
cantaketheir values.Whenusinganobject-orientedmodel,
the domainsof objectscanbe thoughtof as types,whereas
thecollectionsof objectsmight themselvesbe thoughtof as
classes.A domaincanbe eitheratomic (i.e., cannotbe de-
composedanyfurther)or composedof otheratomicor com-
positedomains.The domainof an objectcanbe thoughtof
asa subsetof the cross-productof the domainsof the prop-
ertiesof theobject(Fig. 2). Analogously,we canhaveother
combinationsof domains,suchasunion andintersectionof
domains.

An importantdistinctionbetweenacontextandadomain
should be noted.One of the ways to specify a context is
as a namedcollection of the domainsof objects,i.e., it is
associatedwith a groupof objects.A domain,on the other
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Fig. 2. Domainof an objectandits attributes

hand is a propertyof an object and is associatedwith the
descriptionof that object.

2.5 States(extensions)of theobjects

The stateof an objectcanbe thoughtof asan extensionof
anobjectrecordedin a databaseor databases.However,this
extensionmustnot be confusedwith the actualstateof the
entity being modeledaccordingto the RWS. Two objects
having different extensionscan have the samestateRWS
(andhencebe semanticallyequivalent).

3 Explicit context representationin a multidatabase
environment

In this section,we discussthe inadequaciesof purely struc-
tural and mapping-basedmethodsto representobject simi-
larity andhow representingcontextin themodelworld helps
solvesomeof them.We alsodiscusscomputationaladvan-
tagesof representingcontextin themodelworld andpropose
an appropriaterepresentationof context as a collection of
contextualcoordinatesand their values.The contextualco-
ordinatesandtheir valuesmay be chosenfrom a previously
definedontologyof concepts.

We view ontology as the symbolic layer closest to
conceptsin the real world. An ontology may be defined
as the specificationof a representationalvocabularyfor a
shareddomainof discoursewhich may include definitions
of classes,relations, functions and other objects [Gru93].
Criteria for constructingcontextsfrom an ontologyaredis-
cussedin [KS95a].

Wediscussapartialrepresentationof context,theseman-
ticsof whichareinformally explainedusingDL expressions.
We shall alsodefineoperationsfor automaticwaysof com-
paring (e.g., decidingwhetherone context is more general
than the other) and manipulatingcontexts(e.g., taking the
glb of two contexts).A brief discussionof issuesrelating
to the languagefor representingcontextsand the domain-
specificontologiesfrom which termsto constructcontexts
areobtainedis alsopresented.

3.1 Rationalefor contextrepresentation

In characterizingthe similarity betweenobjects basedon
the semanticsassociatedwith themwe haveto considerthe

RWS of an object. It is not possibleto completelydefine
whatanobjectdenotesor meansin themodelworld [SG89].
We proposethe context of an object as the primary vehi-
cle to capturethe RWS of the object.The contextin which
two objectsarebeingcomparedandthe associatedabstrac-
tion/mappinghelps to capturethe semanticaspectof the
relationshipbetweentwo objects(Fig. 1). We arguefor the
needfor representingcontextby showingthe inadequacyof
purely structuralrepresentations.We also discussthe com-
putationalbenefitsof representingcontext.

3.1.1Inadequacyof purely structuralrepresentations

It hasbeensuggestedby Shethand Gala,Kashyap[SG89,
KS94b] and Fankhauseret al. [FKN91] that the ability to
representthe structureof an object doesnot help capture
the RWS of the object.It is not possibleto providea struc-
tural and hencea mathematicaldefinition of the complex
notion of RWS. In [LNE89], a one-to-onemappingis as-
sumedbetweenthe attribute definition and the attribute’s
RWS. They definean attributein termsof fixed descriptors
such as Uniqueness,Lower/UpperBound,Domain, Scale,
etc., which are usedto generatemappingsbetweentwo at-
tributes. They are also usedto determinethe equivalence
of attributes.However,what they establishis the structural
equivalenceof theseattributeswhich is necessarybut not
sufficient to determinethe semanticequivalenceof the at-
tributes.

Consider two attributesperson-nameand department-
name. We may be able to define a mappingbetweenthe
domainsof thesetwo attributes,but we know that they are
not semanticallyequivalent.In order to be able to capture
this lack of equivalence,we proposethe mappingsbetween
the domainsof the attributesbe made with respectto a
context.We define two objectsto be semanticallyequiva-
lent if it is possible to define mappings with respectto all
known and coherent contexts. The respective definition con-
texts should be coherent with respectto each other. Defini-
tion contextsand the notion of coherenceis definedlater
in this section.Sincethedefinitioncontextsof person-name
anddepartment-namearenot coherent(oneidentifiesanan-
imateandthe other identifiesan inanimateobject),they are
not definedasequivalentattributes.

3.1.2Computationalbenefitsof representingcontext

In [Sho91], Shohamdiscussedthe computationalbenefits
thatmightaccruein modelingandrepresentingcontextin AI
andknowledge-basedsystems.Webelievethattherearesim-
ilaritiesbetweenAI/knowledge-basedandmultidatabasesys-
temsthat suggestcontextrepresentationin a multidatabase
systemfor a cleanandefficient handlingof information.

Economyof representation.In a mannerakin to database
views, contextscan act as a focusingmechanismwhen
accessingthe componentdatabasesof a multidatabase
system.They can be a semanticsummaryof the infor-
mation in a databaseor groupof databasesandmay be
able to capturesemanticinformation which cannotbe
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expressedin the datadefinition modelof the databases.
Thus, unnecessarydetails can be abstractedfrom the
user.Examplesdetailingthisareenumeratedin Sect.6.2.

Economyof reasoning.Insteadof reasoningwith the infor-
mationpresentin thedatabaseasa whole,reasoningcan
beperformedwith thecontextassociatedwith a database
or a group of databases.This approachhas beenused
in [KS94a, MKSI96] for informationresourcediscovery
andqueryprocessing.

Handling inconsistentinformation. In a multidatabasesys-
tem, wheredatabasesaredesignedanddevelopedinde-
pendently,it is not uncommonto have information in
one databaseinconsistentwith information in another.
As long as information is consistentwithin the context
of the query of the user, inconsistencyin information
from different databasesmay be allowed. This is dis-
cussedin Sect.5.3.

Flexiblesemantics.A big fallout of associatingabstrac-
tions/mappingswith the context in the semanticprox-
imity model(Sect.2.1) is that the sametwo objectscan
be relatedto eachotherdifferently in two differentcon-
texts.This is becausetwo objectsmight be semantically
closerto eachother in onecontextthanin the other.

3.2 A partial contextrepresentation

Therehavebeenattemptsto representthesimilarity between
two objectsin databases.In [LNE89], a fixed setof descrip-
tors defineessentialcharacteristicsof the attributeand are
usedto generatemappingsbetweenthem.Wehavediscussed
with the help of an examplehow they do not guaranteese-
manticsimilarity. Thus,anyrepresentationof contextwhich
canbe describedby a fixed setof descriptorsis not appro-
priate.

Thedescriptors(or meta-attributes)arenot fixed but dy-
namically chosento model the characteristicsof the ap-
plication domain in question.It is not possiblea priori to
determineall possiblemeta-attributeswhich would com-
pletelycharacterizethesemanticsof theapplicationdomain.
This leadsto a partial representationof context.We repre-
sentcontextasa collectionof contextualcoordinates(meta-
attributes)asfollows:

Context= <(C1, V1) (C2, V2) ... (Ck, Vk) >

We shall informally explainthe meaningof the symbolsCi

and Vi by using examplesand by enumeratingthe corre-
spondingDL expressions(Table1). UsingDL expressions2,
it is possibleto define primitive classesand, in addition,
specify classesusing intensional descriptionsphrasedin
termsof necessaryandsufficient propertiesthatmustbesat-
isfiedby their instances.Theintensionaldescriptionsmaybe
usedto expressthe collectionof constraintsthat makeup a
context. Also, eachCi roughly correspondsto a role and
eachVi roughlycorrespondsto fillers for therole theobject
musthave.

2 We haveproposeda minor addition[<role-set>] for
<DL-expression> [MKSI96]. However this is for retrieval only and not
usedfor conceptforming.

– Ci, 1 ≤ i ≤ k, is a contextualcoordinatedenotingan
aspectof context.

– Ci maymodelsomecharacteristicof thesubjectdomain
and may be obtainedfrom a domain-specificontology
(discussedlater in this section).

– Ci may modelan implicit assumptionin the designof a
database.

– Ci mayor maynot beassociatedwith anattributeAj of
an objectO in the database.

The value Vi of a contextualcoordinateCi can be repre-
sentedin the following manner:

– Vi canbe a variable.
– It is used only at the highest level of nesting for

retrievalof objects/properties.
– It canbeunified(in thesenseof Prolog)with another

variable,a setof symbols,an objector type defined
in the databaseor anothervariable.

– It canbeunifiedwith anothervariableassociatedwith
a context.

– It canbe usedto imposeconstraintson the answer.
Example.Supposewe are interestedin peoplewho are
authorsandwho hold a post.We canrepresentthequery
contextCq (discussedlater in this section)asfollows:
Cq = <(author,X) (designee,X)>
The samething canbe expressedin a DL asfollows:
Cq = [author] for (SAME-AS authordesignee)

– Vi canbe a set.
– The set may be an enumerationof symbolsfrom a

domain-specificontology.
– Thesetmaybedefinedastheextensionof anobject

or aselementsfrom the domainof a type definedin
the database.

– Thesetmaybedefinedby posingconstraintson pre-
existingsets.

Example.Supposewe want to representtheassumptions
implicit in the designof the object EMPLOYEE in a
database.We canrepresentthis asthe definition context
of EMPLOYEE,Cdef (EMPLOYEE) asfollows:
Cdef (EMPLOYEE)
= < (employer,[Deptypes∪{restypes}])

(article,PUBLICATION)>
Let Deptconcept= term correspondingto Deptypesin
an ontology
The samething canbe expressedin a DL asfollows:
Cdef (EMPLOYEE)
= (AND EMPLOYEE

(ALL article PUBLICATION)
(ALL employer(OR Deptconcept)

(ONE-OF research)))
Deptypes is a type definedin the database.The sym-
bols restypes,employerand article are taken from the
ontology. The definition context (defined later in this
section)expressesan associationbetweenEMPLOYEE
and PUBLICATION which may not be capturedin the
database.

– Vi canbe a variableassociatedwith a context.
– This can be used to expressconstraintswhich the

resultof a queryshouldobey.This is calledthecon-
straintcontextandis definedlater in this section.
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Table 1. Contextualcoordinate,valuepairsandthe correspondingDL expressions

Contextual coordinatesand values,Cdef (O), Cq DL expressions
Cdef (O) = <(C1, V1) ... (Ck, Vk)> (AND O (ALL C1 V1) ... (ALL Ck, Vk))
Cdef (O) = <(Ci, Oi◦ <(Cj , Vj )>)> (AND O (ALL Ci (AND Oj (ALL Cj Vj ))))

Cq = <(Ci, X) (Cj , X)> [Ci] for (SAME-AS Ci Cj )
Cq = <(Ci, X◦ <(Cj , Vj )>)> [Ci] for (ALL Ci (ALL Cj Vj ))

– Theconstraintswould applyto theset,typeor object
the variableX would unify with.

Example.Supposewe want all the articleswhosetitles
contain the substring“abortion” in them. This can be
expressedin the following querycontext:

Cq = <(article,
X◦ <(title, {y|substring(y)= “abortion”})>)>

= <(article,X◦Cntxt)>

where◦ denotesassociationof a contextwith a variable
X and
Cntxt = <(title, {y|substring(y)= “abortion”})>
Associationof a variableanda contextensuresthat the
answersatisfiesthe constraintsexpressedin the context.
The samething canbe expressedin a DL asfollows:
Let Extension(AString) = {y|substring(y)= “abortion”}
Cq = [article] for (ALL article (ALL title AString))

– Vi can be a set, type or an object associatedwith a
context.

– This is called the associationcontextand is defined
later in this section.

– This may be usedto expresssemanticdependencies
betweenobjectswhich may not be modeledin the
database.

Example.Supposewe want to representinformationre-
lating publicationsto employeesin a database.Let PUB-
LICATION and EMPLOYEE be objectsin a database.
The definition contextof HAS-PUBLICATION can be
definedas:
Cdef (HAS-PUBLICATION)
= <(article,PUBLICATION)
(author,EMPLOYEE◦ <(affiliation, {research})>)>

Cdef (HAS-PUBLICATION)
= <(article,PUBLICATION)

(author,EMPLOYEE◦Cntxt)>

where◦ denotesassociationof a contextwith an object
EMPLOYEE,andCntxt = <(affiliation, {research})>
Associationof acontextwith anobjectis similar to defin-
ing a view on the objectextensionssuchthat only those
instancessatisfying the constraintsdefinedin the con-
text are exportedto the federation.The samething can
be expressedin a DL asfollows:

Cdef (HAS-PUBLICATION)
= (AND HAS-PUBLICATION

(ALL article PUBLICATION)
(ALL author(AND EMPLOYEE

(ALL affiliation (ONE-OF research)))))

Note that the relationshipsbetweenEMPLOYEE,PUB-
LICATION andHAS-PUBLICATION is informationrep-
resentedin the contextnot modeledin the database.

3.2.1Definition contextof an object

Given an objectO in a databaseanda collectionof contex-
tualcoordinatesCis from theontology,thedefinitioncontext
is denotedasCdef (O) andcanbeusedin thefollowing ways:

– to specifythe assumptionsusedin the designof the ob-
ject O

– to shareonly a pre-determinedextensionof theobjectO
with the federationof databases.This exportedobject is
denotedasOF

The associationsbetweenthe objectsstoredin the database
andthe objectsexportedto the federationareexpressedus-
ing theconceptsof semanticproximity andschemacorre-
spondences(definedin Sect.6.1).

3.2.2Associationcontextof objects

GivenobjectsO andO1 in a databasethedependenceof the
definitioncontextof O on thecontextof associationbetween
O andO1, Cass(O1, O) canbe representedas:

Cdef (O) = <(C1, O1◦Cass(O1, O)) ... (Ck, Vk) >

The associationcontextcanbe usedin the following ways:

– to representrelationshipsbetweentwo objectswith ref-
erenceto an aspectof an applicationdomain. This is
done by associatingit with the appropriatecontextual
coordinate

– different relationshipsbetweentwo objects may hold
with referenceto differentaspectsof thesubjectdomain.
This can be modeledby different associationcontexts
betweenthe two objectsassociatedwith different con-
textualcoordinates

– to modelthe relationshipsbetweentheobjectO anddif-
ferent(morethanone)objectsasa part of the definition
contextof thesameobject.Thus,the context of an object
would consist of its relationships with other objects

3.2.3Querycontext

Whenevera query Q is posedto a federationof databases,
weassociatewith it aquerycontextCq whichmakesexplicit
the partial semanticsof the queryQ.

– The usercan consultontologiesto constructthe query
contextin a semi-automaticmanner.Issuesof combining
and displaying ontologiesto enablea user to do this
easilyarediscussedin [MKSI96, MKIS96, KS96].

– Objectsand types defined in databasesare also avail-
able to the userby relating themto someconceptin an
ontology.
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– The query is expressedasa setof constraintswhich an
answerobjectmustsatisfy.The constraintsexpressedin
the querycontextcanexpressincompleteinformation.

3.2.4Constraintcontext

The constraintcontext,Cconstr(X,ANSWER) is typically a
part of the querycontextandis usedto poseconstraintson
the answerreturnedfor the query.

Cq = <(C1, X◦Cconstr(X, ANSWER)) ... (Ck, Vk)>

– It is associatedwith a variablewhich may be a place-
holder for the answeror a part of the answer.The vari-
ablemay be instantiatedto an objector type definition.

– The contextmay representconstraintson the objectand
its attributes or the contextual coordinatesassociated
with an object.

– Theconstraintswhich we currentlylimit to arecardinal-
ity constraintson setsand thosethat may be definedas
a predicateon the elementsof a set.

3.3 Reasoningaboutandmanipulationof contexts

We haveproposeda partial representationof contextin the
previoussection.To usethis representationmeaningfullyto
focus on relevantinformation and to correlateinformation
the following needsto be preciselydefined:

– the most commonrelationshipbetweencontextsis the
“specificity” relationship.Giventwo contextsC1 andC2,
C1 ≤ C2 if C1 is at least as specific as C2. This is use-
ful whenobjectsdefinedin a particularcontexthaveto
transcend[McC93] to a morespecificor generalcontext.
This is discussedin detail with examplesin [KS95b].

– It is also the casethat two contextsmay not be compa-
rableto eachother,i.e. it may not be possibleto decide
whetheroneis moregeneralthantheotheror not. Thus,
the specificityrelationshipgivesus a partial order.

– Foreverytwo contexts,wedefinetheglb of two contexts
as the mostgeneralcontextwhich is morespecificthan
eachof the two contexts.The setof contextsthusforms
a meetsemi-lattice.

3.3.1The specificityrelationship

Thespecificityrelationshipbetweentwo contextsdetermines
which contextis moregeneralthan the other.We havede-
fined this relationshipwith the help of specificityrulesgov-
erningthe contextualcoordinatesandtheir values.

Let Cntxt1 = <(C1, V1) (C2, V2) ... (Ck, Vk)>
Cntxt2 = <(C’1, V’ 1) (C’2, V’ 2) ... (C’m, V’m)>

Cntxt1 ≤ Cntxt2 if Cntxt1 is at least as specificas Cntxt2

In thefollowing exposition,C, C1, C2, C’1, C’2, ... denotethe
contextualcoordinatesof the contextsunderconsideration.
V, V1, V2, V’ 1, V’ 2, ... denotethe valuesof the contextual

coordinates.A, A1, A2, ..., S, S1, S2, ... standfor sets.X, Y,
Z, .... standfor variables.

The specificity rules for the values of the contextualco-
ordinates(Vis) areasfollows:

variable specificity: V1 ≤ X, anything is more specific than
a variable

set specificity: S1 ≤ S2 if f S1 ⊆ S2

associationcontext specificity: theseare rules concerning
specificityof contextualcoordinateswhenanassociation
contextis involved.

– A1◦Cntxti ≤ A2 if A1 ≤ A2

– Ai◦Cntxti ≤ Aj◦Cntxtj if
Ai ≤ Aj ∧ Cntxti ≤ Cntxtj

Cntxt1 ≤ Cntxt2 if the following conditionshold:

– m≤ k
– ∀i, 1 ≤ i ≤ m, ∃j Cj ≤ C’i3 ∧ Vj ≤ V’ i

3.3.2Operationson the contextlattice

As observedearlier,the specificityrelationshipbetweenthe
contextsinducesa partial order amongthe contexts.Thus,
the contextcan be organizedas a meetsemi-latticewhere
every pair of contextshas the glb. In this subsection,we
define the glb operationand other operationswe will use
later in the paper.

overlap(Cntxt1, Cntxt2) = {Ci| Ci ∈ Cntxt1 ∧ Ci ∈ Cntxt2 }
coherent(Cntxt1, Cntxt2) This operatordetermineswhether

theconstraintsdeterminedby thevaluesof thecontextual
coordinatesareconsistent.
Example.Let Cntxt1 = <(salary,{x| x ≤ 10000})>

Cntxt2 = <(salary,{x| x > 10000})>
Thus,coherent(Cntxt1, Cntxt2) = FALSE

3.3.2.1The glb of two contexts

We now definethe glb of two contextswith the help of the
rules that determinethe glbs of the contextualcoordinates
andtheir values.The rulesdeterminingglb(Vi, V’ j) are

Variable: glb(Vi, X) = Vi;
sets: glb(S1, S2) = S1 ∩ S2

Associationcontexts. thesearerulesconcerningthe glb of
thevaluesof thecontextualcoordinateswhenanassoci-
ation contextis involved.

– glb(A1◦Cntxti, A2) = glb(A1, A2)◦Cntxti
– glb(Ai◦Cntxti, Aj◦Cntxtj)

= glb(Ai, Aj)◦glb(Cntxti, Cntxtj)

The greatestlower bound of the contextsglb(Cntxt1,
Cntxt2) cannow be definedas:

3 This specificity relationshipbetweencontextualcoordinatesis deter-
minedfrom theontologyandis beyondthescopeof this paper.In defining
thevariousoperationson thecontextlatticewe shall usetheequalitycom-
parisoninstead.
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– glb(Cntxt1, Cntxt2) = Cntxt1, if Cntxt2 = <>
[EmptyContext]

– (Ci, Vi) ∈ glb(Cntxt1, Cntxt2),
if Ci /∈ overlap(Cntxt1, Cntxt2)

– (C’i, V’ i) ∈ glb(Cntxt1, Cntxt2),
if C’i /∈ overlap(Cntxt1, Cntxt2)

– (Ck, glb(Vk, V’ j)) ∈ glb(Cntxt1, Cntxt2),
if Ck = C’j ∈ overlap(Cntxt1, Cntxt2)

An alternativeequivalentrepresentationof a context (ex-
pressedusingtheglb operation)is very usefulwhenthereis
a needto carryout inferenceson thecontextandinformation
associatedwith it.
Cntxt = <(C1, V1)(C2, V2) ... (Ck, Vk)>
= glb(<(C1, V1)>,glb(<(C2, V2)>, ... ,

glb(<(Ck, Vk)>, <>) ... ))
Example.Considerthe following two contexts:
Cntxt1
= <(author,EMPLOYEE◦ <(affiliation, {research})>)

(article,PUBLICATION)>
Cntxt2
= <(article,

X◦ <(title,{x| substring(x)=”abortion”})>)>
It shouldbe notedthat
– article∈ overlap(Cntxt1,Cntxt2)
⇒ (article, glb(PUBLICATION,

X◦ <(title, {x|substring(x)= ”abortion”})>))
∈ glb(Cntxt1, Cntxt2)

– author /∈ overlap(Cntxt1,Cntxt2) ⇒
(author,EMPLOYEE◦ <(affiliation, {research})>)
∈ glb(Cntxt1, Cntxt2)

– glb(PUBLICATION,
X◦ <(title, {x|substring(x)= ”abortion”})>)

= glb(PUBLICATION,X)◦
<(title,{x|substring(x)= ”abortion”})>

[AssociationContexts]
= PUBLICATION◦

<(title,{x|substring(x)= ”abortion”})>
[glb of a variableandan object]

glb(Cntxt1,Cntxt2)
= <(author,EMPLOYEE◦ <(affiliation, {research})>)

(article,PUBLICATION◦
<(title,{x| substring(x)=”abortion”})>)>

3.4 Issuesof languageandontologyin context
representation

In this section,we discussthe issuesof a languagein which
the explicit representationdiscussedabovecan be bestex-
pressed.We alsodiscussissuesof ontology,i.e., the vocab-
ulary usedby the languageto representthe contexts.

3.4.1Languagefor contextrepresentation

In Sect.3.2, we haveproposeda contextrepresentationas
a collectionof contextualcoordinatesandtheir values.The
valuesthemselvesmay havecontextsassociatedwith them.
In this section,we enumeratethe propertiesdesiredof a
languageto expressthe contextrepresentation.

– Thelanguageshouldbedeclarativein nature,asthecon-
text shall typically be usedto expressconstraintson ob-
jects in an intensionalmanner.Besides,the declarative
natureof the languagewill make it easierto perform
inferenceson the context.

– The languageshouldbe able to expressthe contextas
a collectionof contextualcoordinates,eachdescribinga
specificaspectof informationpresentin the databaseor
requestedby a query.

– The languageshould have primitives (for determining
the subtypeof two types,patternmatching,etc.) in the
model world, which might be useful in comparingand
manipulatingcontextrepresentations.

– The languageshouldhaveprimitives to performnaviga-
tion in the ontology to identify the abstractionsrelated
to the ontological objects in the query context or the
definition contextsof objectsin the databases.

3.4.2The ontologyproblem

In constructingthe contextsas illustrated in Sect.3.2, the
choice of the contextualcoordinates(Cis) and the values
assignedto them (Vis) is very important.Thereshouldbe
ontological commitments, i.e., agreementsabout the onto-
logical objectsusedbetweenthe usersand the information
systemdesigners.In our case,this correspondsto an agree-
ment on the termsusedfor the contextualcoordinatesand
their valuesby a userin formulating the querycontextand
a databaseadministratorfor formulating the definition and
associationcontexts.In an examplein Sect.3.2, we have
definedCdef (EMPLOYEE) by makinguseof symbolslike
employer,affiliation and reimbursementfrom the ontology
for contextualcoordinatesand research, teachingetc., for
the valuesof the contextualcoordinates.

We assumethat eachdatabasehas availablean ontol-
ogy correspondingto a specificdomain.The definition and
associationcontextsof the objectstaketheir termsandval-
uesfrom this ontology.However,in designingthedefinition
contextsandthe querycontext,the issuesof combiningthe
variousontologiesarise.

We now enumeratevariousapproachesonemight takein
building ontologiesfor a federationof informationsources.
Other than the ontological commitment,a critical issuein
designingontologiesis the scalability of the ontology as
moreinformationsourcesenterthe federation.

– The common ontology approach.
– Oneapproachhasbeento build an extensiveglobal

ontology. A notableexampleof global ontology is
Cyc [LG90], consistingof around100,000objects.
The mapping betweeneach individual information
resourceand the Cyc global ontology in the Carnot
project [CHS91] is accomplishedby a set of artic-
ulation axiomswhich are usedto map the entities
of an information resourceto the conceptsin Cyc’s
existingontology[CHS91].

– Anotherapproachhasbeento exploit the semantics
of a singleproblemdomain(e.g.,transportationplan-
ning) [ACHK93]. Thedomainmodelis a declarative
descriptionof the objectsand activities possiblein
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A classification using a generalization hierarchy

A classification using an aggregation hierarchy
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Population Area Classification (US Census Bureau)

State
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Rural AreaCity
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Block Group
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Land Use and Land Cover Classification (USGS)

Deciduous Mixed

Fig. 3. Examplesof generalizationandaggregationhierarchiesfor ontology
construction

the applicationdomainas viewed by a typical user.
Theuserformulatesqueriesusingtermsfrom theap-
plication domain.

– Re-use of existing ontologies. Given our assumption
that therewill be numerousinformationsystemspartici-
patingin thefederation,it is unrealisticto expectanyone
existingontologyor classificationto suffice. We propose
a re-useof variousexistingclassificationssuchasISBN
classificationfor publications,botanicalclassificationfor
plants,etc. An exampleof sucha classificationis illus-
tratedin Fig. 3. Theseontologiescanthenbe combined
in differentwaysandmadeavailableto the federation.
– A critical issuein combiningthe variousontologies

is determiningthe overlapbetweenthem.One pos-
sibility [Wie94] is two definethe “intersection”and
“mutual exclusion” points betweenthe various on-
tologies.Attemptshavebeenmadeto use termino-
logical relationshipsbetweenterms acrossdifferent
ontologiesto representthe intersectionpoints.In the
OBSERVER system,synonymshave been used to
representthe intersectionpoints and a proposalto
extend the systemusing hyponymsand hypernyms
hasbeenpresentedin [MKIS96].

– Anotherapproachhasbeenadoptedin [MS95]. The
types determinedto be similar by a sharing advi-
sor areclassifiedinto a collectioncalledconcept. A
concepthierarchy is thusgeneratedmodelingsuper-
concept-subconceptrelationships.Thesetypes may
be from different databasesand their similarity or
dissimilarity is basedon heuristicswith userinput as
required.

4 A semantic taxonomy

Our emphasisis on identifying semanticsimilarity even
when the objects have significant representationaldiffer-
ences[She91]. Semantic proximity is an attempt to character-
ize the degree of semantic similarity between two objects us-
ing the RWS. It providesa qualitativemeasureto distinguish

betweenthe termsintroducedin [She91], suchas semantic
equivalence, semanticrelationship, semanticrelevanceand
semanticresemblance. Two objectscanbe semanticallyre-
lated in one of the abovefour ways.Semanticequivalence
is semanticallycloserthansemanticrelationship,andsoon.

In this section,we use the conceptof semanticprox-
imity definedin Sect.2 and the contextrepresentationdis-
cussedaboveto definea semantictaxonomyconsistingof
the various typesof semanticsimilarities betweenobjects.
The taxonomythusdesignedis illustratedin Fig. 5.

4.1 Therole of contextin semanticclassification

Thecontext,which is thepivot on which thesemanticprox-
imity depends,playsa key role in this taxonomy.Herewe
enumeratethe possiblevaluesfor context.

– ALL, i.e., the semPro betweenthe objectsis being de-
finedwith respectto all knownandcoherentcomparison
contexts.Thereshouldbe coherencebetweenthe defini-
tion contextsof theobjectsbeingcomparedandbetween
the definition contextsandthe contextof comparison.

– SOME, i.e., the semPro betweenthe objects is being
definedwith respectto somecontext.This contextmay
be constructedin the following ways.

– GLB, i.e., the glb of the contextsof the two objects
Typically, we are interestedin the glb of the con-
text of comparisonand the definition contextof the
object.

– LUB, i.e., the leastupperbound(lub)4 of the con-
texts of the two objectsis taken.Typically, we are
interestedin the lub of the definition contextsof the
two objectswhen there doesnot exist an abstrac-
tion/mappingbetweentheir domainsin the context
of comparison.

– SUB-CONTEXTS,wemightbeinterestedin thesemPro
betweentwo objectsin contextswhich aremorespecific
or moregeneralwith respectto the contextof compari-
son.

– NONE, i.e., there doesnot exist a context in which a
meaningfulabstractionor mappingbetweenthedomains
of theobjectsmay bedefined.This is thecasewhenthe
definitioncontextsof theobjectsbeingcomparedarenot
coherent with eachother.

4.2 Semanticequivalence

This is the strongestmeasureof semanticproximity two
objectscanhave.Two objectsaredefinedto besemantically
equivalentwhen they representthe samereal-world entity
or concept.Expressedin our model,it meansthatgiven two
objectsO1 andO2, it shouldbepossibleto definea total 1-1
valuemappingbetweenthe domainsof thesetwo objectsin
any known andcoherentcontext.Thuswe canwrite it as:

4 Wehavenotdefinedit for thegeneralcase.Here,weareonly interested
in the specialcase:
(Ck, Vk ∪ V’ j ) ∈ lub(Cntxt1, Cntxt2)
whereCk = C’j ∈ overlap(Cntxt1, Cntxt2)
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semPro(O1, O2)
= <ALL, total 1-1 valuemapping,(D1, D2), >5.
The notion of equivalencedescribedabovedependson the
definition of the domainsof the objectsand can be more
specificallycalleddomainsemanticequivalence. Wecanalso
define a strongernotion of semanticequivalencebetween
two objects,which incorporatesthe stateof the databases
to which the two objectsbelong.This equivalenceis called
statesemanticequivalenceandis definedas:

semPro(O1, O2) = <ALL, M, (D1, D2), (S1, S2) >,
whereM is a total 1-1 valuemappingbetween(D1, S1) and
(D2, S2).

For the purposesof this paperwe shall usesemanticequiv-
alenceto meandomainsemanticequivalence.

4.3 Semanticrelationship

This type of semanticsimilarity is weaker than semantic
equivalence.Two objectsaresaidto besemanticallyrelated
when thereexists a partial many-onevalue mapping,or a
generalization,or aggregationabstractionbetweenthe do-
mains of the two objects.Here, we relax the requirement
of a 1-1 mappingin a way that, given an instanceO1, we
can identify an instanceof O2, but not vice versa.The re-
quirementthat the mappingbe definablein all the known
and coherentcontextsis not relaxed.Thus, we define the
semanticrelationshipas:

semPro(O1, O2) = <ALL, M, (D1, D2), >,
whereM may be a partial many-onevaluemapping,gener-
alization,or aggregation

4.4 Semanticrelevance

We considertwo objectsto be semanticallyrelevantif they
canberelatedto eachotherusingsomeabstractionin some
context. Thusthenotionof semanticrelevancebetweentwo
objects is context-dependent,i.e., two objectsmay be se-
mantically relevant in one context, but not so in another.
Objectscanbe relatedto eachotherusingany abstraction.

semPro(O1, O2) = <SOME,ANY, (D1, D2), >

4.5 Semanticresemblance

This is the weakestmeasureof semanticproximity, which
might be useful in certaincases.Here,we considerthe case
wherethe domainsof two objectscannotbe relatedto each
other by any abstractionin any context.Hence,the exact
natureof semanticproximity betweentwo objectsis very
difficult to specify. In this case,the usermay be presented
with extensionsof both the objects.In order to expressthis
type of semanticsimilarity, we introducean aspectof con-
text, which we call role, by extendingthe conceptof role
definedin [EN89]. Semanticresemblanceis definedin detail
in the next section.

5 We usethe “ ” sign to denote“don’t care”.

Employee
Name 

Employee
Number

Database1

Database2

Role1

Role2

OBJECTS CONTEXTS

Role1 = role-of(EmployeeName, Database1) = Identifier
Role2 = role-of(EmployeeNumber, Database2) = Identifier
EmployeeName  in Database1.Identifier
EmployeeNumber in Database2.Identifier
Thus,  Role1 = Role2

Fig. 4. Rolesplayedby objectsin their contexts

4.5.1Role playedby an object in a context

This refers to the relationshipbetweenan object and the
semanticcontext to which it belongs.We characterizethis
relationshipas a binary function, which hasthe object and
its contextasthe argumentsandthe nameof the role asthe
value.

role-of : object× context→ rolename

Themappingdefinedabovemaybemultivalued,asit is pos-
siblefor anobjectto havemultiple rolesin thesamecontext.

Basedontherepresentationof acontextproposedin Sect.3.2,
we canexpressthis by constructingthe lub of the contexts.
Considerthe type Number and the type Name definedin
the databases.

Cdef (Database1)= <(Class,{Employee,... })
(Identifier,{Name,...})>

Cdef (Database2)= <(Class,{Employee,... })
(Identifier,{Number,...})>

lub(Cdef (Database1),Cdef (Database2))
= <(Class,{Employee1, Employee2, ...})

(Identifier,{Name,Number,... })>
Thusrole-of(Name,Cdef (Database1))

= role-of(Number,Cdef (Database2))= Identifier
SinceName,Number∈ Identifier
∧ Identifier∈ lub(Cdef (Database1),Cdef (Database2))
This is illustratedin Fig. 4.

4.5.2Rolesandsemanticresemblance

Whenevertwo objectscannotbe relatedto eachother by
any abstractionin any context,but they areassociatedwith
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Semantic Proximity

Semantic Resemblance Semantic Incompatibility

Semantic Relevance Semantic Relationship

Semantic Equivalence

Context, Abstraction

Similar[Context = SOME,
            Abstraction = NONE]

Dissimilar[Context = NONE,
                Abstraction = NEG]

Context = SAME,
Abstraction = SOME

Context = ALL
Abstraction = SOME

Abstraction = Total
    1-1 value mapping

Fig. 5. Semanticclassificationof objectsimilarities

contextsin which they havethe samerole and their defini-
tion contextsare coherentwith respectto eachother, they
can be said to semanticallyresembleeachother. This is a
generalizationof the DOMAIN-DISJOINT-ROLE-EQUAL
conceptin [LNE89].

semPro(O1, O2) = <SOME(LUB), NONE, (D1, D2), >,
wherecoherent(Cdef (O1),Cdef (O2)) and∃Cntxt1,Cntxt2 ex-
portedby DB1,DB2, respectively
andSOME(LUB) denotesa contextdefinedasfollows:
context= lub(Cntxt1, Cntxt2) andD1 /= D2
androle-of(O1, context)= role-of(O2, context)

4.6 Semanticincompatibility

While all the qualitativeproximity measuresdefinedabove
describesemanticsimilarity, semanticincompatibility as-
sertssemanticdissimilarity.Lack of anysemanticsimilarity
does not automaticallyimply that the objects are seman-
tically incompatible.Establishingsemanticincompatibility
requiresassertingthat the definition contextsof the two ob-
jectsare incoherent with respectto eachotherand theredo
not exist contextsassociatedwith theseobjectssuch that
they havethe samerole.

semPro(O1, O2) = <NONE, NONE, (D1, D2), >
whereCdef (O1) andCdef (O2) areincoherentwith eachother
andD1 may or may not be equalto D2
and 6 ∃ contextsuchthat
role-of(O1, context)= role-of(O2, context)

5 Schematicheterogeneitiesin multidatabases

In this section,we dealwith a broadclassof schematicdif-
ferencesand the possiblesemanticsimilaritiesbetweenob-
jects having schematicdifferences[SK92]. With eachtype
of schematicdifference,we enumeratethepossiblesemantic

Incompatibility

Domain Definition Incompatibility

Entity Definition Incompatibility

Data Value Incompatibility

Abstraction Level Incompatibility

Schematic Discrepancy

Fig. 6. Schematicheterogeneities

proximity descriptors.The broadclassesof schematichet-
erogeneitieswearedealingwith are:domainincompatibility,
entity definition incompatibility, data value incompatibility,
abstractionlevel incompatibility and schematicdiscrepan-
cies (Fig. 6). While the issuesof schematic/representational
/structuralheterogeneityhavebeendealtwith by a number
of researchers[DH84, BOT86, CRE87, KLK91, KS91], the
uniquefeatureof our work is thestrongcorrelationbetween
thesemanticaspectsdefinedaboveandthestructuralaspects.

5.1 Domainincompatibility

In this section,we discussthe incompatibilities that arise
whentwo differentdomaintypesareusedasdifferentdefi-
nitions of semanticallysimilar attributedomains.We refine
thebroaddefinitionof this incompatibilitygivenin [CRE87].
We alsodiscussthe possiblesemanticsimilaritieswith each
case(Fig. 7).

5.1.1Namingconflicts

Two attributesthataresemanticallyalike might havediffer-
ent names.They areknown assynonyms.
Example.Considertwo databaseshavingthe relations:

STUDENT(Id#, Name, Address)
TEACHER(SS#, Name, Address)

Id# of STUDENT and SS# of TEACHER are
synonyms.

Mappingsbetweensynonymscanoften be establishedwith
respectto all known and coherentcontexts.In suchcases,
thetwo domaintypesmaybeconsideredsemanticallyequiv-
alent.

Two attributesthat are semanticallyunrelatedmight have
the samenames.They areknown ashomonyms.
Example.Considertwo databaseshavingthe relations:

STUDENT(Id#, Name, Address)
BOOK(Id#, Name, Author)

Id# of STUDENT and BOOK are homonyms.
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The definition contextsof the two domaintypes(which are
definedin two differentdatabases)may be modeledas fol-
lows:

Cdef (STUDENT.Id#)= <(identifies,AnimateObject)>
Cdef (BOOK.Id#) = <(identifies,InAnimateObject)>

The conceptsAnimateObjectand InAnimateObjectare ob-
tainedfrom an ontologyfor the domain.

Sincehomonymsaresemanticallyunrelated,their definition
contextsaremodeledin a way that they are incoherentwith
respectto eachother.Thus,thesetwo domaintypesmay be
consideredsemanticallyincompatible.

5.1.2Datarepresentationconflicts

Two attributesthat aresemanticallysimilar might havedif-
ferentdatatypesor representations.
Example.

STUDENT.Id# is defined as a 9-digit
integer.

TEACHER.SS# is defined as an 11-character
string.

Conversionmappingsor routines betweendifferent data
representationscan often be establishedwith respectto all
known and coherentcontexts.In suchcases,thesedomain
typesmay be consideredsemanticallyequivalent.

5.1.3Datascalingconflicts

Two attributesthat are semanticallysimilar might be rep-
resentedusing different units and measures.Thereis a 1-1
mappingbetweenthe valuesof the domainsof the two at-
tributes.For instance,the salaryattributemight havevalues
in $ and$.

Typically, mappingsbetweendatarepresentedin differ-
ent scalescanbe easilyexpressedin termsof a function or
a lookup table,or by usingdynamicattributesasin [LA86]
and with respectto all known and coherentcontexts. In
such cases,the domain types may be consideredsemanti-
cally equivalent.

5.1.4Dataprecisionconflicts

Two attributesthat aresemanticallysimilar might be repre-
sentedusingdifferentprecisions.This caseis differentfrom
the previouscase,becausethere may not be 1-1 mapping
betweenthe valuesof the domains.Theremay be a many-
onemappingfrom thedomainof thepreciseattributeto the
domainof the coarserattribute.
Example.
Let theattributeMarkshavean integervaluefrom 1 to 100.
Let the attributeGradeshavethe values{A, B, C, D, F}.

Table 2. Mappingbetweenmarksandgrades

Marks Grades
81-100 A
61-80 B
41-60 C
21-40 D
1-20 F

Theremay be a many-onemappingfrom Marks to Grades
(Table 2). Gradesis the coarserattribute.Typically, map-
pings can be specifiedfrom the precisedata scale to the
coarsedata scale with respectto all known and coherent
contexts.Given a letter grade,determiningthe precisenu-
merical score is typically not possible.In such cases,the
domaintypesmay be consideredsemanticallyrelated.

5.1.5Default valueconflicts

This typeof conflict dependson thedefinitionof thedomain
of theconcernedattributes.Thedefaultvalueof anattribute
is that value which it is definedto have in the absenceof
more information about the real world. For instance,the
default value for age of an adult might be definedas 18
yearsin onedatabaseandas21 yearsin another.

It may not be possibleto specify mappingsbetweena
defaultvalueof oneattributeto thedefaultvalueof another
in all knownandcoherentcontexts.However,it is oftenpos-
sible to do so with respectto somecontext.In suchcases,
the domaintypescanbe consideredto be semanticallyrele-
vant, i.e., their semanticproximitycanbedefinedasfollows:

semPro(Age1, Age2) = <SOME,Abstraction,(D1, D2), >
Context= <(default,DefaultAge)>,
where the conceptDefaultAge is obtainedfrom an ontol-
ogy for the domain.Whenthe semProis evaluatedwith re-
spectto thecontext,it mapsto differentagesin thedifferent
databases.

5.1.6Attribute integrity constraintconflicts

Two semanticallysimilar attributesmight be restrictedby
constraintswhich might not be consistentwith eachother.
For instance,in differentdatabases,the attributeAge might
follow theseconstraints:
Example.
C1 : Age1 ≤ 18
C2 : Age2 > 21
C1 and C2 are inconsistentand hencethe integrity con-
straintson the attributeSalaryaresaidto conflict.

If the constraintsare capturedin the definition contextsof
the domain types of Age1 and Age2, then they would be
incoherentand can be consideredsemanticallyincompati-
ble. However,in the casethesetypesareplaying the same
role in thedefinitioncontextsof their respectivedatabasesin
which theyexist,theymaybeconsideredto havea semantic
resemblanceto eachother.
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Fig. 7. Domainincompatibilityandthelikely typesof semanticproximities

Cdef (Database1) = <(timePeriod,{Age, Duration,...})>,
Cdef (Database2) = <(timePeriod,

{Age, RacePerformance,...})>,
where Age1, Age2 denotethe attribute Age in Database1,
Database2, respectively
semPro(Age1, Age2)
= <SOME(LUB), NONE, (D1, D2), >,
whereSOME(LUB) denotesa contextdefinedasfollows:
wherecontext= lub(Cdef (Database1), Cdef (Database2))
andD1 /= D2
androle-of(Age1, context)= role-of(Age2, context)

= timePeriod.

5.2 Entity definitionincompatibility

In this section,we discusstheincompatibilitiesthatarisebe-
tweentwo objectswhentheentitydescriptorsusedby theob-
jectsareonly partially compatible,evenwhenthesametype
of entity is beingmodeled.We refinethebroaddefinitionof
this classof conflictsgiven in [CRE87]. We alsodiscussthe
possiblesemanticsimilaritieswith eachcase(Fig. 8).

5.2.1Databaseidentifier conflicts

In this case,the entity descriptionsin two databasesare
incompatible,becausethey use identifier recordsthat are
semanticallydifferent.

Example.

STUDENT1(SS#, Course, Grades)
STUDENT2(Name, Course, Grades)

STUDENT1.SS# and STUDENT2.Name are
semantically different keys.

The semanticproximity of objectshaving this kind of con-
flict dependsonwhetherit is possibleto defineanabstraction
to mapthe keysin onedatabaseto another.However,if we

assumethat the context(s)of the identifiersare definedin
the local schemas,we know that they play the role of iden-
tification in their respectivecontexts.Hence, the weakest
possiblemeasureof semanticresemblanceapplies,though
strongermeasuresmight apply too.

semPro(SS#,Name)= <SOME(LUB), , (D1, D2), >,
whereD1 = Domain(SS#)andD2 = Domain(Name)
andwhereSS#andNameexist in Database1 andDatabase2,
respectively
Cdef (Database1) = <(Class,{STUDENT1,... })

(Identifier,{SS#,...})>
Cdef (Database2) = <(Class,{STUDENT2,... })

(Identifier,{Name,...})>
andSOME(LUB) denotesa contextdefinedasfollows:
andcontext= lub(Cdef (Database1), Cdef (Database2))
androle-of(SS#,context)= role-of(Name,context)

= Identifiers

5.2.2Namingconflicts

Semanticallyalike entities might be nameddifferently in
differentdatabases.For instance,EMPLOYEEandWORK-
ERSmightbetwo objectsdescribingthesamesetof entities.
They areknown assynonyms. Typically, mappingsbetween
synonymscanoftenbeestablishedwith respectto all known
andcoherentcontexts.In suchcases,theobjectsmaybecon-
sideredsemanticallyequivalent.

On the otherhand,semanticallyunrelatedentitiesmight
have the samename in different databases.For instance,
TICKETS might be the nameof a relation which models
movie tickets in onedatabase,whereasit might model traf-
fic violation tickets in anotherdatabase.They areknown as
homonymsof eachother.In a mannersimilar to thatdemon-
stratedin Sect.5.1.1, their definition contextscan be mod-
eled in a way that they are incoherentwith respectto each
other. Thus, theseobjectsmay be consideredsemantically
incompatible.

5.2.3Schemaisomorphismconflicts

Semanticallysimilar entitiesmay havedifferent numberof
attributes,giving rise to schemaisomorphismconflicts.

Example.

INSTRUCTOR1(SS#, HomePhone, OffPhone)
INSTRUCTOR2(SS#, Phone)

is an example of schema non-isomorphism.

It shouldbe notedthat this canbe consideredan artifact of
the data precisionconflicts identified in Sect.5.1.4 of this
paper,asthephonenumberof INSTRUCTOR1canbecon-
sideredto be representedin a moreprecisemannerthanthe
phonenumberof INSTRUCTOR2. However, the conflicts
discussedin section5.1.4 are due to the differencesin the
domainsof the attributesrepresentingthe sameinformation
andhenceareattribute levelconflicts. Whereas,conflicts in
this sectionarisedue to differencesin the way the entities



289

INSTRUCTOR1andINSTRUCTOR2aredefinedin thetwo
databasesandhenceareentity levelconflicts.

Sincemappingscan be establishedbetweenthe objects
on the basisof the commonand identifying attributes,the
two objectsmay be consideredsemanticallyrelated.
semPro(Instructor1, Instructor2)
= <ALL,{MID,M1},({D1,SS#, DHomePhone, DOffPhone},

{D2,SS#, DPhone}), >,
whereMID is a total 1-1valuemappingbetweenD1,SS# and
D2,SS# and representsthe mappingbetweenthe identifiers
of the two objects.
M1 may be a total/partial1-1/many-onevaluemappingbe-
tweenDHomePhone∪ DOffPhone andDPhone.

5.2.4Missing dataitem conflicts

This conflict ariseswhen, of the entity descriptorsmodel-
ing semanticallysimilar entities,onehasa missingattribute.
This type of conflict is subsumedby the conflict discussed
in the previoussection.A specialcaseof the aboveconflict
which satisfiesthe following conditions:

– the missingattributeis compatiblewith the entity, and
– thereexistsan inferencemechanismto deducethevalue

of the attribute.

Example.

STUDENT(SS#, Name, Type)
GRAD-STUDENT(SS#, Name)

STUDENT.Type can have values "UG"
or "Grad"

GRAD-STUDENT does not have a type
attribute, but that can be implicitly
deduced to be "Grad".

In the aboveexample,GRAD-STUDENT can be thought
to havea type attributewhosedefaultvalue is “Grad”. The
conflict discussedin this sectionis differentfrom thedefault
valueconflict in Sect.5.1.5,which is an attribute levelcon-
flict, whereasthe conflict discussedhere is an entity level
conflict. The objectsmay be consideredsemanticallyrele-
vant, asproposedbelow.

The definition contextsof the two objectscan be defined
as:
Cdef (STUDENT) = <(type,{graduate,undergraduate})>,
Cdef (GRAD-STUDENT)= <(type,{graduate})>

Thecontextin whichsemPro(STUDENT,GRAD-STUDENT)
will be definedas:
glb(Cdef (STUDENT),Cdef (GRAD-STUDENT))
= <(type,{graduate})>
Theabstractionis thencomputedby “conditioning” theorig-
inal studentabstractionwith respectto this new context.
Since every abstraction/mappingis associatedwith a con-
text, the changein the abstractionasa resultof the change
in the associatedcontext is called conditioningand is dis-
cussedin detail in [KS95b].

semPro(STUDENT,GRAD-STUDENT)

Entity Definition Incompatibility

Database Identifier Conflicts

Naming Conflicts

Homonyms

Synonyms

Schema Isomorphism Conflicts

Missing Data Item Conflicts

(Semantic Resemblance)

(Semantic
   Incompatibility)

(Semantic 
             Equivalence)

(Semantic Relationship)

(Semantic Relevance)

Fig. 8. Entity definition incompatibilitiesand the likely typesof semantic
proximities

= <SOME,M, (D1, D2), >,
whereM: STUDENT→ GRAD-STUDENTis a partial 1-1
valuemapping
andContext= SOME = <(type,{graduate})>

5.3 Data valueincompatibility

This class of conflicts covers those incompatibilities that
arise due to the values of the data present in different
databases[BOT86]. Theseconflicts are different from de-
fault valueconflicts(Sect.5.1.5)andattributeintegrity con-
straintconflicts(Sect.5.1.6) in that the latter aredueto the
differencesin the definitionsof the domaintypesof the at-
tributes.Here,we refer to thedatavaluesalreadyexistingin
thedatabase.Thus,theconflictsheredependon thedatabase
state.Sincewe aredealingwith independentdatabases,it is
not necessarythat the datavaluesfor the sameentities in
two different databasesbe consistentwith eachother. We
alsodiscussthepossiblesemanticsimilaritieswith eachcase
(Fig. 9).

Example.

Consider two databases modeling the
entity Ship

SHIP1(Id#, Name, Weight)
SHIP2(Id#, Name, Weight)

Consider a entity represented in both
databases as follows:

SHIP1(123, USSEnterprise, 100)
SHIP2(123, USSEnterprise, 200)

Thus, we have the same entity for which
SHIP1.Weight is not the same as
SHIP2.Weight, i.e., it has inconsistent
values in the database.

5.3.1Known inconsistency

In this type of conflict, the causeof inconsistencyis known
aheadof time andhencemeasurescanbeinitiatedto resolve
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theinconsistencyin thedatavalues.For instance,it might be
knownaheadof time thatonedatabaseis morereliablethan
the other. This information can typically be representedin
thequerycontextCq. Here,thesimilarity of objectsdepends
on thestatecomponentof semProandarehenceconsidered
statesemanticallyrelevant.
Cq = <(class,SHIP) (dataItem,{Id#})

(choose-from,{DB1})>

semPro(O1, O2) = <Cq, M, (D1, D2), (S1, S2)>,
whereM is a total 1-1 valuemappingbetween(D1, S1) and
(D2, S2) (In this casethe default is (D1, S1)).

5.3.2Temporalinconsistency

In this type of conflict, the inconsistencyis of a temporary
nature.This type of conflict hasbeenidentifiedin [RSK91]
andhasbeenexpressedasa temporalconsistencypredicate6.
Oneof thedatabaseswhichhasconflictingvaluesmighthave
obsoleteinformation.This meansthattheinformationstored
in thedatabasesis time-dependent.Thetime lag information
(∆t) canbe easily representedin the querycontextCq and
hencethe objectsmay be consideredstatesemanticallyrel-
evant. The semProwhen evaluatedwith respectto context
givesthe mappingdefinedbelow.

Cq = <(class,SHIP) (dataItem,{Weight}) (timeLag,∆t)>

semPro(O1, O2)
=<Cq, total 1-1 valuemapping,(D1, D2), (S1, S2)>
whereS2(t + ∆t) = S1(t).

5.3.3Acceptableinconsistency

In this type of conflict, the inconsistenciesbetweenval-
uesfrom differentdatabasesmight be within an acceptable
range.Thus,dependingon thetypeof querybeinganswered,
the error in the valuesof two inconsistentdatabasesmight
be consideredtolerable.The toleranceof the inconsistency
can be of a numericalor non-numericalnatureand can be
easily representedin the query context Cq, and hencethe
objectsmay be consideredstatesemanticallyrelevant.

Example.Numericalinconsistency
QUERY: Find the tax bracketof an employee.
INCONSISTENCY:If the inconsistencyin the valueof an
employeeincomeis up to a fraction of a dollar it may be
ignored.
Cq = <(class,EMPLOYEE) (dataItem,{Salary})

(epsValue,[0, 0.99])>,
whereepsValueis a contextualcoordinatewhich modelsthe
level of inconsistencythat canbe toleratedfor the query.

Example.Non-numericalinconsistency
QUERY: Find the stateof residenceof an employee.
INCONSISTENCY:If the employeeis recordedasstaying
in Edison and New Brunswick (both are in New Jersey),
thenagainthe inconsistencymay be ignored.

6 Additional informationon weakercriteriafor consistencycanbefound
in the literatureon transactionmodels(e.g.,see[SRK92]).

Data Value Incompatibility

Known Inconsistency

Temporal Inconsistency

Acceptable Inconsistency

(State Semantic Relevance)

(State  Semantic  Relevance)

(State Semantic Relevance)

Fig. 9. Datavalue incompatibilitiesandthe likely typesof semanticprox-
imities

Cq = <(class,EMPLOYEE)(dataItem,{Residence})
(epsValue,sameState)>

semPro(O1, O2)
=<Cq, partial many-onevaluemapping,(D1, D2), (S1, S2)>,
where perturb(S1, ε) = S2 and ε is the discrepancyin the
stateof the two objects.

5.4 Abstractionlevel incompatibility

This classof conflictswasfirst discussedin [DH84] in the
contextof thefunctionaldatamodel.Theseincompatibilities
arisewhentwo semanticallysimilar entitiesarerepresented
at differing levels of abstraction.Dif ferencesin abstraction
canarisedueto thedifferentlevelsof generalityat which an
entity is representedin thedatabase.Theycanalsoarisedue
to aggregationusedbothat theentity aswell astheattribute
level.We alsodiscussthepossiblesemanticsimilaritieswith
eachcase(Fig. 10).

5.4.1Generalizationconflicts

Theseconflicts arise when two entities are representedat
different levelsof generalizationin two differentdatabases.

Example.

Consider the entity "Graduate Students"
which may be represented in two
different databases as follows:

STUDENT(Id#, Name, Major, Type)
GRAD-STUDENT(Id#, Name, Major)

Thus, we have the same entity set
being defined at a more general level
in the first database.

Thedefinitioncontextsof the two objectscanbedefinedas:
Cdef (STUDENT) = <(type,{graduate,undergraduate})>
Cdef (GRAD-STUDENT)= <(type,{graduate})>
Thecontextin whichsemPro(STUDENT,GRAD-STUDENT)
is definedis given by:

glb(Cdef (STUDENT),Cdef (GRAD-STUDENT))
= <(type,{graduate})>
Theabstractionis thencomputedby “conditioning” theorig-
inal studentabstractionwith respectto this new context.
Thus, STUDENT and GRAD-STUDENT may be consid-
eredsemanticallyrelevant.
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Fig. 10. Abstractionlevel incompatibilitiesandthe likely typesof semantic
proximities

semPro(STUDENT,GRAD-STUDENT)
= <SOME,M, (D1, D2), >
whereM: STUDENT→ GRAD-STUDENTis a partial 1-1
valuemapping
andContext= SOME = <(type,{graduate})>

5.4.2Aggregationconflicts

Theseconflicts arise when an aggregationis used in one
databaseto identify a set of entities in anotherdatabase.
Also, the propertiesof the aggregateconceptcanbe an ag-
gregateof the correspondingpropertyof the setof entities.

Example.

Consider the aggregation SET-OF which is
used to define a concept in the first
database and the set of entities in
another database as follows:

CONVOY(Id#, AvgWeight, Location)
SHIP(Id#, Weight, Location, Captain)

Thus, CONVOY in the first database is a
SET-OF SHIPs in the second database.
Also, CONVOY.AvgWeight is the average
(aggregate function) of SHIP.Weight
of ships that are members of the convoy.

In this case,there is a mappingin only one direction, i.e.,
an elementof a set is mappedto the set itself. In the other
direction,the mappingis not precise.Whenthe SHIP entity
is known, one can identify the CONVOY entity it belongs
to, butnotviceversa.Also, theaggregationcanbeexpressed
in thedefinitioncontextof CONVOY usingthecomposition
of contextualcoordinatesasfollows:
Cdef (CONVOY)
= <(member,SHIP) (weight, ...) (location,...)>,
Cdef (SHIP) = <(shipweight,...) (shiplocation,...)>,
whereweight = average(shipweight) andshiplocation = loca-
tion arerelationshipsbetweenthevariouscontextualcoordi-
natesobtainedfrom the ontologyof the domain.
context= glb(Cdef (CONVOY), Cdef (SHIP))

semPro(CONVOY,SHIP)
= <context,Aggregation,(D1, D2), >

Thus,CONVOY and SHIP maybeconsideredsemantically
relevant.

5.5 Schematicdiscrepancies

Thisclassof conflictswasdiscussedin [DAODT85, KLK91].
It was noted that theseconflicts can take placewithin the
samedatamodel and arisewhen datain one databasecor-
respondto meta-dataof anotherdatabase.This classof con-
flicts is similar to that discussedin Sect.5.3 whenthe con-
flicts dependonthedatabasestate.Wenowanalyzetheprob-
lem andidentify threeaspectswith helpof anexamplegiven
in [KLK91]. We alsodiscussthe possiblesemanticsimilar-
ities with eachcase(Fig. 11).

Example.Considerthree stock databases.All contain the
closingprice for eachdayof eachstockin thestockmarket.
The schematafor the threedatabasesareasfollows:

– DatabaseDB1 :
relationr : {(date,stkCode,clsPrice). . . }

– DatabaseDB2 :
relationr : {(date,stk1, stk2, . . . ) . . . }

– DatabaseDB3 :
relationstk1 : {(date,clsPrice). . . },
relationstk2 : {(date,clsPrice). . . },
...

DB1 consistsof a single relation that has a tuple per day
per stockwith its closingprice.DB2 alsohasa singlerela-
tion, but with oneattributeperstock,andonetupleperday,
wherethe value of the attribute is the closing price of the
stock.DB3 has,in contrast,onerelationperstockthathasa
tuple per day with its closingprice.Let us considerthat the
stkCodevaluesin DB1 are the namesof the attributes,and
in the otherdatabasesthey are the namesof relations(e.g.,
stk1, stk2).

5.5.1Datavalueattributeconflict

This conflict ariseswhen the value of an attribute in one
databasecorrespondsto an attribute in anotherdatabase.
Thus, this kind of conflict dependson the databasestate.
Referringto the aboveexample,the valuesof the attribute
stkCodein the databaseDB1 correspondto the attributes
stk1,stk2, . . . in the databaseDB2.

The mappingshereare establishedbetweensetsof at-
tributes({Oi}) and valuesin the extensionof the other at-
tribute (O2). This is possible,howeveronly with respectto
the contextsof the databasesthey are in. The two objects
modeldataat different levelsandhencemay be considered
to be meta-semanticallyrelevantandtheir semanticproxim-
ity canbe definedasfollows:

semPro({Oi}, O2) = <context,M, (D1, D2), (S1, S2)>,
wherecontext= glb(Cdef (DB1), Cdef (DB2))
andM is a total 1-1 mappingbetween{Oi} andS2.

5.5.2Attribute entity conflict

This conflict ariseswhen the sameentity is being modeled
as an attribute in one databaseand a relation in another
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Fig. 11. Schematicdiscrepanciesandthe likely typesof semanticproxim-
ities

database.This kind of conflict is differentfrom theconflicts
definedin the previousandnext subsections,becauseit de-
pendson thedatabaseschemaandnot on thedatabasestate.
It canalsobeconsideredasa partof theentity definition in-
compatibility(Sect.5.2).Referringto theexampledescribed
in thebeginningof this section,theattributestk1,stk2in the
databaseDB2 correspondto relationsof the samenamein
the databaseDB3.

ObjectsO1 andO2 canbe consideredsemanticallyrele-
vant, as1-1 valuemappingscanbe establishedbetweenthe
domainsof the attribute(O1) and the domainof the identi-
fying attributeof the entity (O2). It shouldbe notedthat O1
is anattribute(property)andO2 is anentity (class)andtheir
definition contextsare neededto determinethe identifying
attributeof the entity (O2).

semPro(O1, O2)
= <context,total 1-1 valuemapping,(D1, D2), >
wherecontext= glb(Cdef (DB2), Cdef (DB3))
andD1 = Domain(O1) andD2 = Domain(Identifier(O2)).

5.5.3Datavalueentity conflict

This conflict ariseswhen the value of an attribute in one
databasecorrespondsto a relationin anotherdatabase.Thus,
this kind of conflict dependson thedatabasestate. Referring
to theexampledescribedin thebeginningof this section,the
valuesof the attributestkCodein the databaseDB1 corre-
spondto the relationsstk1,stk2 in the databaseDB3.

The mappingshereare establishedbetweenset of enti-
ties ({Oi}) andvaluesin the extensionof an attribute(O2).
This is possible,howeveronly with respectto thecontextsof
thedatabasestheyarein. Thus,thetwo objectsmaybecon-
sideredto be meta-semanticallyrelevantandtheir semantic
proximity canbe definedasfollows:

semPro({Oi}, O2) = <context,M, (D1, D2), (S1, S2)>,
wherecontext= glb(Cdef (DB1), Cdef (DB2))
andM is a total 1-1 mappingbetween{Oi} andS2.

6 Structural similarity: a component
of semanticsimilarity

In this section, we proposea uniform formalism called
schema correspondencesfor representationof structural

similaritiesbetweenobjects.Theseareassociationsbetween
objectsandtypesdefinedin thevariousdatabasesandcanbe
expressedusing operationsfrom a modified objectalgebra.
Theschemacorrespondencessodefinedarea partof these-
manticproximity betweenthe two objectsor typesandare
dependenton thecontextin which thesemanticproximity is
defined.Projection rules which definethe relationshipbe-
tweenschemacorrespondencesandsemanticproximity are
alsodiscussed.

6.1 Schemacorrespondences:a uniformformalismfor
representationof abstraction

We proposea uniform formalismto representthe mappings
which are generatedto representthe structuralsimilarities
betweenobjects having schematicconflicts and some se-
mantic affinity. This formalism is a generalizationof the
conceptof connectorsusedto augmentthe relationalmodel
in [CRE87].

Given two objectsO1 and O2, the schemacorrespondence
betweenthemcanbe representedas

schCor(O1,O2) = <O1,attr(O 1),O2,attr(O 2),M>.

– O1 and O2 are objects in the model world. They are
representationsor intensionaldefinitions in the model
world. They may correspondto classdefinitionsor type
definitionsin a database.

– The objectsenumeratedabovemay model information
at any level of representation(suchas the entity or the
attributelevel). If anobjectOi modelsinformationat the
entity level, then attr(Oi) denotesthe representationof
the attributesof Oi. If Oi modelsobjectsat the attribute
level, thenattr(Oi) is an emptyset.

– M is a mapping(possiblyhigher order) expressingthe
correspondencesbetweenobjects,their attributesandthe
valuesof the objects/attributes.We use object algebra
operationsenumeratedbelow.

6.1.1A brief introductionto a limited objectalgebra

Objectsareconsideredascollectionsof instanceswhich are
homogeneousand have the sametype as the abstractdata
type associatedwith the object.We list a limited setof op-
erationsto manipulateobjectsin a database;thesearevery
similar to thosein object-orienteddatabaseliterature (e.g.,
[SZ90])7.

OSelect(p,O)This operationselectsa setof instancesof an
objectO satisfyinga selectionpredicate,p.
OSelect(p,O)= {o| o∈O ∧ p(o)}

makeObject(C,S)Givena contextualcoordinateC anda set
S (which may be eithera setof conceptsfrom an ontol-
ogy, anobjector a typedomain),it definesa newobject
with instanceshaving attributeC and a value from the
setS asits value.
makeObject(C,S)= {o| o.C=s∧ s∈S}

7 Whendefiningandusing theseoperations,performanceissuesare ig-
noredin favor of simplicity of description.
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Fig. 12. Schemacorrespondences:associationbetween federation and
databaseobjects

OProduct(O1,O2) Given two objectsO1 andO2, a new ob-
ject is createdwhich hasthe attributesof both O1, and
O2, andfor everytupleof valuesin O1 hasall the tuples
of valuesin O2 associatedwith it.
OProduct(O1,O2) = {o| (o.Ai=o1.Ai ∧ Ai ∈attr(O1) ∧
o1 ∈ O1) ∨ (o.Aj=o2.Aj ∧ Aj ∈attr(O2) ∧ o2 ∈O2)}

OJoin(p,O1,O2) This canbe thoughtof asa specialcaseof
theoperationOProduct,exceptthat the instancesshould
satisfy the predicatep.
OJoin(p,O1,O2) = {o| o∈OProduct(O1,O2) ∧ p(o)}

6.1.2Schemacorrespondencesandcontext

EachinformationsystemexportsfederationobjectsOF cor-
respondingto the objectsO it manages.The objectsOF are
obtainedby applyingtheconstraintsin thedefinitioncontext
Cdef (O) to theobjectO. Theuserat thefederationlevel sees
only thefederationobjects.ThecontextualcoordinatesCi of
theCdef (O) actastheattributesof OF . Theexportedobjects
OF areassociatedwith the objectsandtypesdefinedin the
database.This associationmight beimplementedin different
waysby variouscomponentsystems.We useschemacorre-
spondencesto expresstheseassociations.This is illustrated
in Fig. 12

schCor(OF ,O) = <OF ,{Ci| Ci ∈ Cdef (O)},O,attr(O),M>

– OF is the exportedfederationobject of an object O or
type T definedin the database.

– The attributesof the objectOF arethe contextualcoor-
dinatesof the definition contextCdef (O).

– The mappingoperationmapO(Ci,Ai) storesthe associ-
ation betweencontextualcoordinateCi andattributeAi

of objectO wheneverthereexistsone.
– The mappingM betweenOF and O can be evaluated

using the projectionrules enumeratedand illustratedin
Sect.6.2.

6.2 Schemacorrespondences:projectionof semPro with
respectto context

We discussedin Sect.3.1 how representingstructuralsimi-
larities is not enoughto capturesemanticsimilarity between
two objects.However,for any meaningfuloperationto be
performedon the computer,the semProdescriptorbetween
two objectshasto be mappedto a mathematicalexpression
which would essentiallyexpressthe structural correspon-
dencebetweentwo objects.Our approachconsistsof the
following threeaspects:

The semanticaspect: The semProdescriptorcapturesthe
RWS of the data in the databasethrough context and
includesintensionaldescriptionsof:
– objectsandtheir attributes
– the relationshipsbetweenvariousobjects
– the implicit assumptionsin the designof the objects
– theconstraintswhichtheobjectsandattributessatisfy

The federationobjects are objects obtainedby apply-
ing the constraintsin the intensionaldescriptionsto the
databaseobjects.

The data organization aspect: This refersto theactualor-
ganizationof the data in the databases,e.g., the tables
andviews in a relationaldatabase,or theclasshierarchy
in object-orienteddatabases.

The mapping/abstraction aspect: The schCor descriptor,
as definedearlier, capturesthe associationbetweenthe
federationobjectsand the databaseobjects.The associ-
ation usesobject algebraicoperationsto expresscorre-
spondencesbetweenthe federationandthe databaseob-
jects.The evaluationof theseassociationsresultsin the
retrievalof databaseobjectswhich satisfytheconstraints
specifiedin the context.

The mappingaspectcanbe succinctlyexpressedas

schCor(OF ,O) = ΠContext(semPro(OF ,O))

In the rest of this section,we explain the mappingaspect
with the help of examples.We first define the terminol-
ogy, operationsandthe projectionrulesusedto specify the
semanticsof the associationsbetweenthe federationand
databaseobjects,followed by examplesillustrating them.

6.2.1Relevantterminologyandprojectionrules

We first enumeratethe operationsusedto specify the as-
sociationsbetweenthe exportedfederationobjectsand the
databaseobjects.We shall useCntxt, Cntxt1, ... to refer to
contextsand C, C1, ... to refer to contextualcoordinates.
O1, O2, ... shall be usedto refer to actualdatabaseobjects
whereasO1F , O2F , ... shall be usedto denotetheir counter-
partsexportedto the federation.O’, O”, ... shall be usedto
denotetemporaryobjectsto illustrateeachstep.

The operationsareasfollows:

mapO(C,A) Themappingoperationwhich storestheassoci-
ation betweenthe attributeC of the exportedfederation
object OF (which is essentiallya contextualcoordinate
of thedefinitioncontextCdef (O) chosenfrom a domain-
specificontology)andthe attributeA of the objectO.

semConstrain(<(Ci,Vi)>,semPro(O’,O)) The exportedfed-
erationobjectOF is obtainedby iterativelyapplyingthe
constraintsin Cdef (O) to thedatabaseobjectO. Thesem-
Constrainoperationmodelsoneiteration,i.e., the appli-
cationof oneconstraintin Cdef (O) to thedatabaseobject
O. Let
- semPro(OF ,O) be defined with respectto to Cdef (O)
- Ci be a contextual coordinate of Cdef (O)
- Cdef (O) = glb(<(Ci,Vi)>,Cntxt) (discussed in
Sect. 3.3)
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- semPro(O’,O) be defined with respectto Cntxt and
- O’ be a temporary object obtained by applying all the
constraints in Cntxt on O;
thenthe federationobjectOF maybe iterativelydefined
as
semPro(OF ,O)
= semConstrain(<(Ci,Vi)>, semPro(O’,O))

strConstrain(mapO(Ci,Ai),Si,schCor(O’,O)) strConstrainis
the structuralcounterpartof semConstrain. It mapsthe
attributesof the federationobjectto the attributesof the
databaseobject. It also recomputesthe mappingsasso-
ciatedwith schCor(O’,O).This is doneby addinga se-
lection conditionto the original mappingasfollows:
OF = OSelect((Ai ∈Si),O’),
where thereexistsa mappingbetweenO’ and O from
schCor(O’,O)

semCondition(Cntxt,semPro(OF ,O)) In some cases, a
databaseobject O may be associatedwith another
databaseobject with respectto the context Cntxt. The
semConditionoperationmodifies the semanticproxim-
ity descriptorby lifting [Guh91] it into a context(Cntxt)
different from the one (Cdef (O)) in which it is defined
in. This operationcan be definediteratively using the
semConstrainoperation.

Let Cntxt = glb(<(Ci,Vi)>,Cntxt1)
semCondition(Cntxt,semPro(OF ,O))
= semConstrain(<(Ci,Vi)>,

semCondition(Cntxt1,semPro(OF ,O)))

semCombine(Ci,semPro(O’,O),semPro(O”,Oi)) In some
cases,thedefinitioncontextof anobjectO makesexplicit
an associationbetweenthe databaseobjectsO and Oi.
This associationis typically with respectto the associa-
tion contextbetweentwo objectsdenotedasCass(Oi,O).
ThesemCombineoperationmodelsthecorrelationof in-
formationfrom objectsO andOi, which is thenexported
asa part of the federationobjectOF . Let
- semPro(OF ,O) be defined with respectto to Cdef (O)
- Cdef (O) = glb(<(Ci,Oi◦Cass(Oi,O))>,Cntxt)
- semPro(O’,O) is defined with respectto Cntxt
- O’ be a temporary object obtained by applying the con-
straints in Cntxt to O
- O” be a temporary object obtained by applying the con-
straints in Cass(Oi,O) to OiF ;
thenthe semPro(OF ,O) canbe definedas
semConstrain(<(Ci,Oi◦Cass(Oi,O))>,semPro(O’,O))
= semCombine(Ci,semPro(O’,O),semPro(O”,Oi))
wheresemPro(O”,Oi)
= semCondition(Cass(Oi,O), semPro(OiF ,Oi))

strCombine({mapO(Ci,Ai),mapOi
(Ci,A’i)},schCor(O’,O),

schCor(O”,Oi)) strCombineis the structuralcounterpart
of semCombine.It maps the contextualcoordinateCi

to the attributesof the databaseobjects O and Oi. It
correlatesinstancesof the two objects.This results in
a join condition usedto combinemappingsassociated
with schCor(O’,O)andschCor(O”,Oi).
OF = OJoin((Ai=A’ i),O’,O”) where there exist map-
pingsbetweenO’ andO from schCor(O’,O)andbetween
O” andOi from schCor(O”,Oi)

Projectionrules

We describeherea setof projectionruleswhich specifythe
semanticsof theprojectionoperationdiscussedearlierin this
section.Therulesspecifyanalgebrabasedon theoperations
discussedabove.Herewedescribethemwith theperspective
of therole theyplay in mappingthefederationobjectsto the
various databaseobjects.A detailedspecificationof these
rules is presentedin the Appendix1.

Rule1. When the definition context of a databaseobject
is empty, i.e., thereare no constraintswhich the object
should satisfy, it is exportedto the federationas it is
without any modifications.This situationis capturedby
the EmptyContextRule.

Rule2. The SimpleSetsRuledealswith the casewhen the
definition context has simple setsof valuesassociated
with eachcontextualcoordinate.Eachcontextualcoor-
dinateis also associatedwith an attributeof a database
object.The effect of this rule can be achievedwith re-
peatedapplicationsof Rule3.1 but it is usedto simplify
the evaluationof the projectionoperation.An example
of applicationof this rule is illustratedin Sect.6.2.2.

Rule3. The exportedfederationobject OF is obtainedby
iteratively applyingthe constraintsin the definition con-
text to the databaseobjectO. The SimpleSetConstraint
Ruledealswith thecasewheretheconstraintsin thecon-
text are appliediteratively to the databaseobjects.The
terminationconditionof theiterationis thecasewhenthe
context is empty and is coveredby the EmptyContext
Rule. This rule dealswith the casewherethe constraint
to be applied is of the form C ∈ S, whereC is a con-
textualcoordinateandS is a simplesetof symbolsfrom
the ontology. This rule may also be usedto apply an
arbitraryconstrainton a federationobject.
Rule3.1. This rule dealswith the casewhere the con-

textual coordinatein the constraintis not presentin
thedefinitioncontextin which thesemProis defined
andthereexistsanattributeof a databaseobjectcor-
respondingto that contextualcoordinate.

Rule3.2. This rule dealswith the casewhere the con-
textualcoordinatein theconstraintis alreadypresent
in the definition contextandthereexistsan attribute
of a databaseobjectcorrespondingto thatcontextual
coordinate.

Rule3.3. This ruledealswith thecasewherethecontex-
tual coordinatein the constraintis not presentin the
definitioncontextandtheredoesnotexistanattribute
of a databaseobjectcorrespondingto thatcontextual
coordinate.An exampleof applicationof this rule is
illustratedin Sect.6.2.3.

Rule3.4. This rule dealswith the casewhere the con-
textual coordinatein the constraintis presentin the
definitioncontextandtheredoesnotexistanattribute
of a databaseobjectcorrespondingto thatcontextual
coordinate.

Rule4. In somecases,a databaseobject Oi may be asso-
ciatedwith anotherdatabaseobjectO with respectto an
associationcontext.TheContextConditioningRuledeals
with thecasewheresemPro(OiF ,Oi) is conditionedwith
respectto theassociationcontext.This involvesapplying
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theconstraintsin theassociationcontextto thefederation
objectOiF .
Rule4.1. The Empty ContextConditioning Rule states

that when the associationcontextusedto condition
the semanticproximity is empty, then the semantic
proximity is evaluatedwith respectto the definition
context.This meansthat the federationobjectOiF is
returnedasit is without modification.

Rule4.2. The ConstraintConditioningRule dealswith
the casewhenthe constraintsin the associationcon-
text are applied to the federationobject OiF itera-
tively. The terminationcondition of this iteration is
whentheassociationcontextis emptyandis covered
by the EmptyContextConditioningRule.

Rule4.3. The Context Conditioning and semCombine
Ruledealswith thecasewhenthesemanticproximity
descriptoris a combinationof two semanticproxim-
ities combinedusingthesemCombineoperation.The
semanticsof thesemCombineRulearegivenby Rule
5.

Rule5. In somecases,the definitioncontextof an objectO
makesexplicit an associationbetweenthe databaseob-
jectsO andOi. This associationis typically with respect
to the associationcontextbetweentwo objectsdenoted
as Cass(Oi,O). The semCombineRule deals with this
caseand results in the generationand combinationof
two semanticproximities.An exampleof applicationof
this rule is illustratedin Sect.6.2.4.
Rule5.1. This rulemapsthecontextualcoordinateto the

attributesin the different objectsand performsthe
correlationof the instancesof the two objects.The
two attributesmay either satisfy the equality predi-
cateor any otherwell-definedpredicate.

Rule5.2. The CoordinateCompositionRule dealswith
the specialcasewhere the contextualcoordinatein
the constraintmay be a compositionof two contex-
tual coordinates.Each of the contextualcoordinate
partsmay or may not be mappedinto attributesof
databaseobjects.An exampleof applicationof this
rule is presentedin Sect.6.2.5.

6.2.2Using ontologyfor an intensionaldescriptionof data

In Sect.3.2, we chosethe contextualcoordinatesCis and
their valuesVis from an ontology. We illustrate with the
help of an examplehow conceptsin an ontology may be
mappedto the actualdatain the database.Thus,the userat
thefederationlevel canview theinformationin thedatabase
with the help of conceptsfrom a domain-specificontology
without being aware of the underlying format of the data.

Example. Consider an object EMPLOYEE defined in a
databaseasfollows:
EMPLOYEE(SS#,Name,Dept,SalaryType,Affiliation)

The definition context of the object EMPLOYEE may be
definedas:
Cdef (EMPLOYEE) = <(employer,[Deptypes∪{restypes}])

(affiliation,{teaching,research,non-teaching})
(reimbursement,{salary,honorarium})>

– Deptypesis a type definedin the database.
– The symbols for the contextualcoordinatesemployer,

affiliation and reimbursementare takenfrom the ontol-
ogy. The associationwith the attributesof EMPLOYEE
is storedby the mapEMPLOY EE(C, A) operation.

– The symbolsrestypes,teaching,research, non-teaching,
salary and honorarium may either be taken from the
ontologyor submittedfor inclusioninto theontologyby
the databaseadministrator.

As discussedin Sect.6, we associatewith definitioncon-
text an object EMPLOYEEF which is exportedto the fed-
erationof databases.
semPro(EMPLOYEEF ,EMPLOYEE)
= <Cdef (EMPLOYEE),M,(dom(EMPLOYEEF ),dom(EMPLOYEE)),>,
whereM is amappingbetweenthedomainsof thetwo objects.Themapping
relatesinformation in the ontology to datain the database.The projection
is illustratedin Fig. 13.

Simple Sets Rule ⇒
ΠCdef (EMPLOY EE)(semPro(EMPLOYEEF ,EMPLOYEE))
= schCor(EMPLOYEEF ,EMPLOYEE)
= <EMPLOYEEF ,{employer,affiliation,reimbursement},EMPLOYEE,

{mapEMPLOY EE (employer,Dept),
mapEMPLOY EE (affiliation,Affiliation),
mapEMPLOY EE (reimbursement,SalaryType)},M>

M ≡ EMPLOYEEF = OSelect(p,EMPLOYEE)
p ≡ (Dept∈[Deptypes∪{restypes}])

∧(Affiliation∈{teaching,research,non-teaching})
∧(SalaryType∈{salary,honorarium})

6.2.3Domainaugmentation:representingextra information

In this section,we demonstratean interestingcasewhere
extrainformationcanbestoredwith the intensionaldescrip-
tions of objects.This extra information is representedas a
constraintat the federationlevel. Considerthe constraint:
all publications have research areas that are associated with
departments. This may be usedto make inferencesabout
databasecontent,without actually accessingthe database.
Considera querythat asksfor all publicationsin a research
areanot associatedwith a department.The answerto the
query is an emptysetwhich canbe determinedwithout ac-
tually accessingthe database.

The constraint involving researchareascan be repre-
sentedin Cdef (PUBLICATION) and expressedusing the
contextualcoordinateresearchArea. However,the informa-
tion abouttheresearchareasof a publicationis not modeled
by the existingdatabaseobject
PUBLICATION(Id,Title, Journal).
The definition contextof the object PUBLICATION is de-
fined as:
Cdef (PUBLICATION) =<(researchArea,Deptypes)> where
Deptypesis a type definedin the database.

Thequerydiscussedabovecanbeprocessedwithout ac-
cessingthedatabaseif theconstraintinvolving researchareas
is partof theexportedfederationobject.Becausethecontex-
tual coordinateresearchArea is not modeledin thedatabase,
the projection algorithm createsa new object correspond-
ing to theresearchareasby usingthemakeObjectoperation.
This new object is thenassociatedwith the databaseobject
PUBLICATION by usingtheOProductoperation.Theabove
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semPro(EMPLOYEEF , EMPLOYEE)
<Cdef (EMPLOYEE), M, (dom(EMPLOYEE

Cdef (EMPLOYEE)
= <(employer, [Deptypes U {restypes}] )
(affiliation, {teaching, research, non-teaching})

(reimbursement, {salary, honorarium})>

PROJECTION

schCor(EMPLOYEE F , EMPLOYEE)
<EMPLOYEEF , {employer,affiliation,reimbursement}, EMPLOYEE, {Dept,Affiliation,SalaryType}, M>

M <=> EMPLOYEE

F), dom(EMPLOYEE)), _>

 F = OSelect((Dept IN [Deptypes U {research}])

    AND (SalaryType IN {salary,honorarium}), EMPLOYEE)
    AND (Affiliation IN {teaching,research,non-teaching})

Fig. 13. MappingEMPLOYEEF to objectEMPLOYEE in the database

resultsin theaugmentationof thedomainof thedatabaseob-
ject PUBLICATION and is expressedin Appendix 1 (Rule
3.3).

dom(PUBLICATIONF ) ⊆ dom(Id)×dom(Title)
×dom(Journal)×Deptypes.

The projection operationis diagrammaticallyillustrated in
Fig. 14.

[A ] semPro(PUBLICATIONF ,PUBLICATION) is evaluatedwith respect
to Cdef (PUBLICATION). Thedefinitioncontextexpressesextrainfor-
mationaboutthe objectPUBLICATION not modeledin the database.
This stepillustratesthe augmentationof dom(PUBLICATION). Let:
- Cdef (PUBLICATION) = glb(<(researchArea, Deptypes)>, <>)
- semPro(PUBLICATION’,PUBLICATION) be defined with respectto<>
- PUBLICATION’ be a temporary object
The domainaugmentationtakesplaceasfollows:
Simple Set Constraint Rule (New Constraint, Non-existing attribute) ⇒
(step [B] )
semPro(PUBLICATIONF ,PUBLICATION)
= semConstrain(<(researchArea,Deptypes)>,

semPro(PUBLICATION’,PUBLICATION))
– Let M’ bethemappingbetweenPUBLICATION’ andPUBLICA-

TION returnedby step[C] .
– Theconstraintaboutresearchareasis incorporatedin theexported

federationobjectPUBLICATIONF by usingthemappingM. The
evaluationof the mappingis illustratedin steps[D,E].

– The resulting augmentationof the domain of the object PUB-
LICATION is reflectedin the definition of the modified semPro
descriptor:

semPro(PUBLICATIONF ,PUBLICATION)
= <Cdef (PUBLICATION),M,

(dom(PUBLICATIONF ), dom(PUBLICATION)× Deptypes), >

[C ] Empty Context Rule ⇒
M’ ≡ PUBLICATION’=PUBLICATION

[D,E ] Simple Set Constraint Rule (Rule 3.3) ⇒

schCor(PUBLICATIONF ,PUBLICATION)
= strConstrain({researchArea},Deptypes,

schCor(PUBLICATION’,PUBLICATION))

M ≡PUBLICATIONF
=OProduct(makeObject(researchArea,Deptypes),

PUBLICATION’)
=OProduct(makeObject(researchArea,Deptypes),PUBLICATION)

6.2.4Representingrelationshipsbetweenobjects

In this section,we illustrate with the help of an example
how context can be usedto capturerelationshipsbetween
objectswhich may not be representedin the database.We
illustrate a case where the definition context of the ob-
ject HAS-PUBLICATION capturesits relationshipswith an-
other databaseobject EMPLOYEE in an intensionalman-
ner. Theserelationshipsare not stored in the databaseand
the evaluationof the semProdescriptorresultsin extra in-
formationbeingassociatedwith the federationobjectHAS-
PUBLICATIONF . A naiveuserwill ordinarily not beaware
of this relationship.

Example. Consider objects EMPLOYEE and PUBLICA-
TION definedearlier and an object in the samedatabase
which representsa relationshipbetweenemployeesand the
publicationsthey write, HAS-PUBLICATION(SS#,Id)
Cdef (HAS-PUBLICATION)
= <(author,EMPLOYEE◦ < (affiliation,{research})>)>

This evaluationof the semProdescriptorhasbeendiagram-
matically illustratedin Fig. 15.
[A ] semPro(HAS-PUBLICATIONF ,HAS-PUBLICATION) is evaluated

with respectto Cdef (HAS-PUBLICATION).
The definition contextmakesexplicit the relationshipbetweenHAS-
PUBLICATION and EMPLOYEE. This step illustrateshow the cor-
relationof the instancesof EMPLOYEE andHAS-PUBLICATION is
doneto satisfy the constraintsin the definition context.Let
- Cdef (HAS-PUBLICATION)
= glb(<(author,EMPLOYEE

◦Cass(EMPLOYEE,HAS-PUBLICATION))>,<>)
- semPro(HAS-PUBLICATION’,HAS-PUBLICATION) be defined with re-
spectto<>
- Cass(EMPLOYEE,HAS-PUBLICATION)
= <(affiliation,{research})>
- HAS-PUBLICATION’ be a temporary object
- EMPLOYEE’ be a temporary object obtained by applying the constraints
in Cass(EMPLOYEE,HAS-PUBLICATION) to EMPLOYEEF
semCombine Rule ⇒
semPro(HAS-PUBLICATIONF ,HAS-PUBLICATION)
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semPro(PUBLICATION

<Cdef (PUBLICATION), M, (dom(PUBLICATION

semConstrain

 <(researchArea, Deptypes)>

strConstrainPROJECTION

Cdef (PUBLICATION)

>

PROJECTION <>

researchArea Deptypes

schCor(PUBLICATION , PUBLICATION)

<PUBLICATION
M <=> PUBLICATION

, PUBLICATION)

 F ), dom(PUBLICATION)X Deptypes),_>

), dom(PUBLICATION)),_>

 F

 F, {researchArea}, PUBLICATION, {researchArea}, M>

F

F

[A]

[B]

[C]

[D]

[E]

= OProduct(makeObject(researchArea,

 = OProduct(makeObject(researchArea,

Deptypes

Deptypes), PUBLICATION)

 , (dom(PUBLICATION’

schCor(PUBLICATION’,PUBLICATION)
<PUBLICATION’,

),PUBLICATION’)

semPro(PUBLICATION’, PUBLICATION)
<<>, M’

M’ <=> PUBLICATION’ = PUBLICATION
 {}, PUBLICATION,{},M’

PROJECTION

Fig. 14. Domainaugmentation:mappingPUBLICATIONF to objectPUBLICATION in the database

semPro(HAS-PUBLICATION

semCombine

author

semPro(EMPLOYEEF , EMPLOYEE)

(Affiliation IN ...) AND

M <=> HAS-PUBLICATION
,HAS-PUBLICATION)

=OSelect((Dept IN ...) AND

 F

 F

[A]

[B]

= OJoin((SS# = SS#),HAS_PUBLICATION,
OSelect((Affiliation IN {research}) AND (...) AND (...), EMPLOYEE))

<(author, EMPLOYEEo<(affiliation, {research})>)>

<>

semPro(HAS-PUBLICATION’,
HAS-PUBLICATION)

M’ <=> HAS-PUBLICATION’
= HAS-PUBLICATION

semPro(EMPLOYEE’,EMPLOYEE)
M’’ <=> EMPLOYEE’

= OSelect((Affiliation IN {research}) AND
  (Dept IN ...) AND (SalaryType IN ...), EMPLOYEE)

[C]

<(affiliation, {research})>

<(affiliation, {research})>

semConstrain

semCondition

<>
C  def(EMPLOYEE)

M’’’ <=> EMPLOYEE

(SalaryType IN ...), EMPLOYEE)

[D]

  F

[E]

Fig. 15. Correlationof informationbetweenHAS-PUBLICATION andEMPLOYEE

= semCombine(author,
semPro(HAS-PUBLICATION’,HAS-PUBLICATION),
semPro(EMPLOYEE’,EMPLOYEE))

– Let M’ bethemappingbetweenHAS-PUBLICATION’ andHAS-
PUBLICATION returnedby step[B] .

– semPro(EMPLOYEE’,EMPLOYEE)
= semCondition(Cass(EMPLOYEE,HAS-PUBLICATION),

semPro(EMPLOYEEF ,EMPLOYEE))

Let M” be the mappingbetweenEMPLOYEE’ andEMPLOYEE
returnedby step[C] .

– mapEMPLOY EE (author,SS#)

– mapHAS−PUBLICATION (author,SS#)
Rule 5.1 ⇒
M ≡ HAS-PUBLICATIONF =
OJoin((SS#=SS#),HAS-PUBLICATION’,EMPLOYEE’)
= OJoin((SS#=SS#),HAS-PUBLICATION,EMPLOYEE’)
.... M’ From step [B]
= OJoin((SS#=SS#),HAS-PUBLICATION,
OSelect((Affiliation∈{research})∧(...)∧(...),EMPLOYEE))
.... M” From step [C]

[B ] Empty Context Rule ⇒
M’ ≡ HAS-PUBLICATION’=HAS-PUBLICATION
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[C ] In this step,we show how the constraintsin the associationcontext
areappliedto thefederationobjectEMPLOYEEF . This is donebefore
correlationof theinstancesof EMPLOYEEandHAS-PUBLICATION,
asonly employeeswho areresearchershavepublications.
Cass(EMPLOYEE,HAS-PUBLICATION)
=glb(<(affiliation,{research})>, <>)
Constraint Conditioning Rule ⇒

semCondition(Cass(EMPLOYEE,HAS-PUBLICATION),
semPro(EMPLOYEEF ,EMPLOYEE))

= semConstrain(<(affiliation,{research})>,
semCondition(<>,semPro(EMPLOYEEF ,EMPLOYEE)))

.... Illustrated in step [D]
= semConstrain(<(affiliation,{research})>,

semPro(EMPLOYEEF ,EMPLOYEE))
.... Empty Context Conditioning Rule

Let M”’ be the mappingreturnedby step[E] betweenEMPLOYEEF
andEMPLOYEE.
Rule 3.2 ⇒

M” ≡ EMPLOYEE’
=OSelect((Affiliation∈{research}),EMPLOYEEF )
= OSelect((Affiliation∈{research}),

OSelect((Affiliation∈{research,teaching,non-teaching})∧(...)∧(...),
EMPLOYEE)

.... M”’ From step [E]
= OSelect((Affiliation∈{research})∧(...)∧(...),EMPLOYEE)

[E ] This step illustrates the associationbetweenthe federationobject
EMPLOYEEF and the databaseobject EMPLOYEE and has been
discussedin detail in Sect.6.2.2.The associationis given by:
M”’ ≡ EMPLOYEEF
=OSelect((Affiliation∈{research,teaching,non-teaching})∧(...)∧(...)),

EMPLOYEE)

6.2.5Compositionof contextualcoordinates:representing
extra information

In this section,we illustratean examplein which the infor-
mationthat thecontextualcoordinateresearchInfo is a com-
position of two contextualcoordinates(researchArea and
journalTitle) is obtainedfrom the ontology of the domain.
This is then usedto correlateinformation betweenthe ob-
jects PUBLICATION and JOURNAL. However, the con-
textual coordinateresearchAreahas not beenmodeledfor
the objectPUBLICATION. Thus,this resultsin extra infor-
mationaboutthe relevantjournalsandresearchareasbeing
associatedwith the objectPUBLICATION, eventhoughno
informationaboutresearch areasis modeledfor PUBLICA-
TION.

Example.Considera databasecontainingthe following ob-
jects:
PUBLICATION(Id, Title, Journal)Cdef (PUBLICATION)
= <(researchInfo,JOURNAL◦ <(researchArea,Deptypes)

(journalTitle,JournalTypes)>)>
JOURNAL(Title, Area) whereCdef (JOURNAL) = <>
The correlation of information is illustrated diagrammati-
cally in Fig. 16.

[A ] semPro(PUBLICATIONF ,PUBLICATION) is evaluatedwith respect
to Cdef (PUBLICATION)
The definition contextmakesexplicit the relationshipbetweenPUB-
LICATION andJOURNAL. This stepillustratesthe generationof the
two semProdescriptors,onefor applyingthe remainingconstraintsin
Cdef (PUBLICATION) to PUBLICATION and the other for applying
the constraintsin Cass(JOURNAL,PUBLICATION) to JOURNALF .
Let

- Cdef (PUBLICATION)
= glb(<(researchInfo,JOURNAL◦ < (researchArea,Deptypes)

(journalTitle,JournalTypes)>)>,<>)

- semPro(PUBLICATION’, PUBLICATION) be defined with respectto<>
- Cass(JOURNAL,PUBLICATION)
= <(researchArea,Deptypes) (journalTitle,JournalTypes)>
- PUBLICATION’ be a temporary object
- JOURNAL’ be a temporary object obtained by applying the constraints
in Cass(JOURNAL,PUBLICATION) to JOURNAL
semCombine Rule ⇒

semPro(PUBLICATIONF ,PUBLICATION)
= semCombine(researchInfo,

semPro(PUBLICATION’,PUBLICATION),
semPro(JOURNAL’,JOURNAL))

– Let M’ bethemappingbetweenPUBLICATION’ andPUBLICA-
TION returnedby step[B] .

– semPro(JOURNAL’,JOURNAL)

= semCondition(Cass(JOURNAL,PUBLICATION),
semPro(JOURNALF ,JOURNAL))

Let M” be the mappingbetweenJOURNAL’ andJOURNAL re-
turnedby step[C] .

[B ] Empty Context Rule ⇒
The mappingM’ associatedwith
schCor(PUBLICATION’, PUBLICATION) is
M’ ≡ PUBLICATION’=PUBLICATION

[C ] Cass(JOURNAL,PUBLICATION)

= glb(<(researchArea,Deptypes)>,
glb(<(journalTitle,JournalTypes)>,<>))

2 applications of Constraint Conditioning Rule and 1 application of Empty
Context Conditioning Rule ⇒

semCondition(Cass(JOURNAL,PUBLICATION),
semPro(JOURNALF ,JOURNAL))

= semConstrain(<(researchArea,Deptypes)>,
semConstrain(<(journalTitle,JournalTypes)>,

semPro(JOURNALF ,JOURNAL)))
2 applications of Rule 3.2 and Cdef (JOURNAL) = <>⇒
The mappingM” associatedwith schCor(JOURNAL’,JOURNAL)is
M” ≡ JOURNAL’
= OSelect((Area∈Deptypes)∧(Title∈JournalTypes),JOURNAL)

[D ] semPro(PUBLICATIONF ,PUBLICATION) is evaluatedby applying
the CoordinateCompositionRule. The final result is illustratedin step
[E] . This stepillustrateshow information aboutthe researchareasof
the publicationsis propagatedto PUBLICATION, eventhoughthere
is no informationaboutresearchareasstoredin the objectPUBLICA-
TION. This is achievedby the compositionof contextualcoordinates
obtainedfrom the domainontology.

– researchInfo= compose(researchArea,journalTitle)
Coordinate Composition Rule ⇒

mapPUBLICATION (researchInfo,X)
= compose(mapPUBLICATION (researchArea,NA),

mapPUBLICATION (journalTitle,Journal))
mapJOURNAL(researchInfo,Y)
= compose(mapJOURNAL(researchArea,Area),

mapJOURNAL(journalTitle,Title))
– The mappingM associatedwith

schCor(PUBLICATIONF ,PUBLICATION) is given by:

strCombine({mapPUBLICATION (researchInfo,X),
mapJOURNAL(researchInfo,Y)},

schCor(PUBLICATION’,PUBLICATION),
schCor(JOURNAL’,JOURNAL))

M ≡ PUBLICATIONF =
OJoin((X=Y),PUBLICATION’,JOURNAL’)

= OJoin((researchArea=Area)∧(Title=Journal),
PUBLICATION’, JOURNAL’)

= OJoin((researchArea=Area)∧(Title=Journal),
PUBLICATION, JOURNAL’)
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semPro(PUBLICATION

semCombine
<(researchInfo, JOURNALo<(researchArea,Deptypes)

(journalTitle, JournalTypes)>)>

researchInfo <>

, JOURNAL)

<(researchArea,Deptypes)
(journalTitle, JournalTypes)>

strCombinePROJECTION

 

schCor(
= PUBLICATION

<> PROJECTION

AND
(Title IN JournalTypes), JOURNAL)

PROJECTION
(journalTitle, JournalTypes)>

<(researchArea,Deptypes)

{compose(researchArea,Journal),
compose(Area,Title) }

schCor(PUBLICATION

, PUBLICATION)

, JOURNAL)

= OSelect((Area IN Deptypes), PUBLICATION)

, PUBLICATION)
M <=> PUBLICATION

OSelect((Area IN Deptypes) AND (Title IN JournalTypes), JOURNAL))

 F, PUBLICATION)

 F

     = OJoin((researchArea=Area) AND (Title = Journal), PUBLICATION,
F

[A]

[B]

[C]

[D]

[E]

semPro(PUBLICATION’

PUBLICATION’
M’ <=> PUBLICATION’

semPro(JOURNAL’

schCor(JOURNAL’
’M’’ <=> JOURNAL

PROJECTION

Fig. 16. CorrelationbetweenPUBLICATION andJOURNAL dueto compositionof contextualcoordinates

.... mapping M’ from step [B]
= OJoin((researchArea=Area)∧(Title=Journal),PUBLICATION,
OSelect((Area∈Deptypes)∧(Title∈JournalTypes),JOURNAL))
.... mapping M” from step [C]

The constraintresearchArea ∈ Deptypes propagatesto PUBLI-
CATION. This is becausewhen the correlationtakesplace
betweenJOURNAL andPUBLICATION (refer to step[E] ):

– only journals belong to the researchareascorrespond-
ing to the departmentsare selected(OSelect((AreaIN
Deptypes)AND ... ,JOURNAL))

– the join condition (Title = Journal) ensuredthat only
thosearticleswhich are from the researchareascorre-
spondingto the departmentsareexportedto the federa-
tion
(OJoin((researchArea=Area)AND (Title = Journal),...))

– this is achieveddespitetheattributeAreanot beingmod-
eled for PUBLICATION. Thus, thereis a selectiveand
implicit domain augmentationof Deptypesto PUBLI-
CATION throughthe join condition.

6.2.6Representationof incompleteinformation

The intensionaldescriptionof thedefinitioncontextscanbe
easilyusedto representincompleteinformation.Traditional
databaseapproacheshave usedNULL valuesto represent
incompleteinformation. The semanticsof NULL valuesis
not alwaysclear(e.g.,a NULL valuecanmeanunknownor
not applicable)and this can be a problemwhile retrieving

incompleteinformationfrom thedatabase.We canuseinten-
sionaldescriptionsin an attemptto describeincompletein-
formationandto avoid the problemsassociatedwith NULL
values.

Example.Considerthe following definition context of the
objectPUBLICATION.

Cdef (PUBLICATION)
= <(title,{x|substring(x)=“abortion”})>

This representsa constrainton the instancesof the object
PUBLICATION suchthatall thetitles shouldhavetheword
”abortion” in them.This doesnot specifythetitle of eachin-
stanceof PUBLICATION completely.This informationcan
be representedwith the objectPUBLICATIONF at the fed-
erationlevel and can help in queryingthe databasein face
of incompleteinformation.

6.3 Applicationsof context

In Sect.6.2, we definedand illustratedwith examplesthe
relationshipbetweenschemacorrespondencesandsemantic
proximity. We have definedprojection rules which define
schemacorrespondencesastheprojectionof thesemProde-
scriptor with respectto the context.Earlier work on map-
ping intensionaldescriptionsof conceptsto SQL querieson
relationaldatabaseshasbeenreportedin [BB93]. In our ap-
proach,however,themappingsexpressedusingobjectalge-
bra operationsarealsoassociatedwith the intensionalcon-
textualdescriptions.Wheneverthecontextchanges,we also
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keep track of the associatedchangesin the schemacorre-
spondences.Rulesmodelingthechangesin theschemacor-
respondences(and hencethe mappings)due to changesin
contextarepresentedin [KS95b].

We look at examplesin which thesemProdescriptorsare
lifted [Guh91] to different contexts.Lifting a semProto a
differentcontextmeansre-evaluatingthesemProin acontext
which is different from the one it was definedin first. We
showin [KS95b] how queryprocessingcanbeimplemented
by the comparisonof the definition contextsof the objects
in the databasewith the querycontext.We haveillustrated:

– how the modificationof schemacorrespondencesdueto
changesin contextleadto information-focusing

– how changesin thedefinitioncontextof oneobjectleads
to the modificationof schemacorrespondenceof a re-
latedobject

– how constraintsfrom the querycontextscanbe applied
to an object storedin a database.This resultsin mod-
ification of the schemacorrespondencesand results in
informationfocusing

– how the querycontextcanform the basisof correlation
of informationacrossdifferentdatabases

7 Related work

A simple observationmadeby various researchersin the
field of multidatabases,which is also the central premise
of this paper is that it is essentialto associateabstrac-
tions/mappingsbetweenobjectswith the context of com-
parisonto capturesemanticsimilarity. Somesignificantat-
temptsare the semantic proximity proposalby Shethand
Kashyap[SK92], the context-building approachby Ouksel
andNaiman[ON93], the context interchangeapproachby
Scioreet al. [SSR92] and the common conceptsapproach
by Yu et al. [YSDK91]. We haverelatedtheaboveattempts
to semanticproximity.

Therehavebeenattemptsto useanattribute-value-based
representationfor capturingsimilarities in variousareasof
research.Larsonet al [LNE89] usea set of fixed descrip-
tors to capturesimilarities betweenattributes.Sciore et al
[SSR92] usemeta-attributesto representcontext.In linguis-
tics [CMG90], contexthasbeenrepresentedusing a set of
contextcoordinatessubjectto certainconditions.Similar at-
temptshavealsobeenmadefor documentsin text retrieval
(usingthematicroles)[VD92] andfor clusteringsimilar ob-
jects(usingcodewords)in [ML92]. We haveabstractedout
the commonalitiesin theseapproachesin our representation
of context.However,we differ from Scioreet al. [SSR92]
andOukselet al. [ON93] in the following aspects:

– Scioreet al. [SSR92] representthe contextat the exten-
sional level, i.e., at the level of datavaluesand object
instances.We representcontextat an intensionallevel,
i.e., at the level of thedatabaseschema.This givesusan
opportunityto representconstraintsaboutobjectswhich
cannotbecapturedat theextensionallevel.We alsoview
the contextof an objectasa collectionof constraintson
an objectwhich may not be representedin the database
schema

– Ouksel et al. [ON93] representcontext as a collec-
tion of ISCAs (interschemacorrespondenceassertions),
whichareessentiallystructuralcorrespondencesbetween
schemaelementsin differentdatabases.In our approach,
schemacorrespondencesareassociatedwith the context
andarenot consideredpartof thecontext.Theyareused
to relatesemanticinformationwith theactualdatain the
database

– the meta-attributesand their valuesare taken from the
ontologyof theapplicationdomainbeingmodeledby the
database.Issuesof combiningontologiesandscalability
arediscussedin [MKSI96, MKIS96, KS96]

– we havealso definedoperationsto comparethe speci-
ficity of contexts,and to manipulateand reasonabout
them. Basedon the partial order inducedby the speci-
ficity relationship,we organizethe contextsas a meet
semi-lattice.Inferenceson a new context with respect
to the knowledgepresentin the contextsetcannow be
supportedby determiningits positionin the semi-lattice

We have expressedour context descriptionsusing DL
expressions.Well known DL systemsareKL-ONE [BS85],
LOOM [Mac87], BACK [vLNPS87] and CLASSIC
[BBMR89]. We are investigatingthe use of CLASSIC as
the DL systemfor representingcontext.The advantageof
usingCLASSIC is that it is sufficiently expressiveandhas
a polynomial time classificationalgorithm.

Classificationor taxonomiesof schematicdifferencesap-
pear in [DH84, BOT86, CRE87, KLK91, KS91]. In this
paper,we presentwhat we believeis a comprehensivetax-
onomy of schematicconflicts which subsumesmost of the
taxonomiesfound in literature(Table3 in Appendix2). We
refined the broaddefinition of domain incompatibility and
entity definitionincompatibilitygivenin [CRE87]. Our clas-
sificationconsistsof conflictsarisingout of inconsistencies
in thedatabasestate[BOT86], conflictsdueto representation
at differing levelsof abstraction[DH84] andconflictswhen
data in one databasecorrespondsto meta-datain another
[DAODT85, KLK91].

8 Conclusionsand futur e work

An essentialprerequisiteto achievinginteroperabilityin a
multidatabaseenvironmentis to be able to identify seman-
tically similar data in different databasesystems.Another
key issueattractingwide attentionwith attemptsto build a
nationalinformationinfrastructure,is theissueof queryinga
largenumberof autonomousdatabaseswithout prior knowl-
edgeof their informationcontent.It is thereforeimportantto
capturethesemanticcontentof thesedatabasesin asexplicit
a manneraspossible.

We discussedthe inadequacyof structuralsimilarity and
how semanticscannotbe capturedby purely mathematical
formalisms.This led us to makea casefor theexplicit iden-
tification and representationof context in a multidatabase
environment.We definethe conceptof semanticproximity,
using which we representthe degreesof semanticsimilari-
ties betweenthe objects[SK92]. The contextof comparison
of theseobjectsis thefulcrumof thesemanticproximity. We
proposean explicit thoughpartial representationof context
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in a multidatabaseenvironment.We havealso definedthe
conceptof schemacorrespondences, usingwhich we repre-
sentthe structuralsimilaritiesbetweenobjects.

We demonstratethe reconciliationof the dual schematic
vs semanticperspectives.This is done by associatingthe
mapping/abstractionbetweenobjectsin different databases
with the contextof the semanticproximity definedbetween
them. This associationenablesus to determinequalitative
measuresof semanticsimilarity suchas equivalence,rela-
tionship,relevance,resemblanceandincompatibilityandde-
velop a semantictaxonomy.We alsoenumeratethe various
schematicheterogeneitiesandthepossiblesemanticsimilar-
ities betweenthem.

We havealsodefinedthe conceptof schemacorrespon-
dences, using which we representthe structuralsimilarities
betweenobjects.Thoughit is knownthatrepresentingstruc-
tural similaritiesis inadequateto capturesemanticsimilarity
betweentwo objects,for anymeaningfuloperationto beper-
formedon thecomputer,thesemProdescriptorbetweentwo
objectshasto bemappedto amathematicalexpressionwhich
would essentiallyexpressthe structuralcorrespondencebe-
tweenthem. We havedefinedthe schemacorrespondences
asa projectionwith respectto contextof thesemanticprox-
imity betweenthe objects.

Besideshelpingto reconcilethe semanticandthe struc-
turalperspectives,it alsoenablesusto representextraknowl-
edge about the databaseobjects. This includes domain-
specific constraintsobtained from an ontology and im-
plicit relationshipsbetweenobjects in the databases.We
also demonstratehow extra information not modeledfor a
databaseobjectmaybeassociatedwith it. Thisenablesinfer-
encesto be drawnat the federationlevel without accessing
thedatabases.Someof theseinferencesinvolveextraknowl-
edgeandwould not havebeenpossible,evenif the objects
in the databaseswereaccessed.

Theseinferencesaremodeledaschangesin the context
andtheassociatedschemacorrespondences.It enablesinfor-
mation focusingas someinferencesaffect the schemacor-
respondencesto retrieveonly thedatarelevantto thequery.
It enablesinformationcorrelation, as one can specify con-
straintsrelatingdifferentobjectsin thecontext.Thecompu-
tation of the resultingschemacorrespondencesenablesthe
correlationof theappropriateinstancesof theobjects.These
havebeendiscussedonly briefly in the paperdue to space
constraints.The readermay refer to [KS95b] for details.

The context is the key componentin capturingthe se-
mantic content of the information presentin the various
databases.In any attempt to representthe context of ob-
jects in a database,issuesof languageand vocabularybe-
comeimportant.We are looking into the possibility of the
knowledgeinterchangeformat [GF92] and DL-basedlan-
guages[BS85, BBMR89, Mac87, PS84, vLNPS87, KBR86]
for context representation.In designingthe definition con-
text of an object, it is necessaryto choosethe contextual
coordinatesandtheir valuesin a controlledmanner.We are
experimentingon using domain-specificontologiesto con-
structthesecontextsin a methodicalmanner.In caseswhere
a domainontology is not readily available,researchis re-
quired to enablesemi-automaticgenerationof ontologies.
We arelooking at clusteringandinformationretrieval tech-
niquesfor semi-automaticgenerationof ontologies.We are

also looking into re-usingwell-establishedmetadatastan-
dardsand classificationtaxonomiesas domain-specificon-
tologiesasintensionaldescriptionsof informationcontentin
the databases.

A complementaryproblemis that of presentingthe on-
tologiesto theuserin amethodicalmannerto enablehim/her
to constructthe query contextsfor retrieving information
from a federationof databases.Tools to presenttheseon-
tologiesto usersand informationsystemdesignersmustbe
developedto facilitate contextdesignandrepresentation.

There should be an agreementon the meaningof the
termsusedin the ontologiesfor constructionof the defini-
tion contextson onehandand thoseusedin the ontologies
for theconstructionof thequerycontextson theother.Thus,
eithera commonontologyis required,or thecorrespondence
betweenthe termsin the variousontologiesneedsto be es-
tablished.We areexperimentingwith utilization of termino-
logical relationshipsbetweenterms acrossontologies.The
OBSERVER system[MKSI96] usingsynonymrelationships
is a stepin this direction.A proposalto extendthe system
by usinghyponymandhypernymrelationshipshasbeenpre-
sentedin [MKIS96]. We plan to extendthesystemto utilize
knowledgetransmutationoperators[Mic93] to expresscor-
respondencesbetweentermsin thevariousontologiesin the
future.
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Appendix 1 Detailed specificationof projection rules

semPro(O1F ,O1) = <Cntxt,M,(dom(O1F ),dom(O1)), >

ΠCntxt(semPro(O1F ,O1)) = schCor(O1F ,O1)
= <O1F ,{Ci| Ci ∈Cntxt},O1,attr(O1),M>

Rule 1. EmptyContextRule, i.e., Cntxt = <>
schCor(O1F ,O1) = <O1F ,φ,O1,φ,M> ⇒ M ≡ O1F =O1

Rule 2. SimpleSetsRule, i.e.,Cntxt=<(C1,S1)...(Ck,Sk)> schCor(O1F ,O1)
= <O1F ,{Ci|Ci ∈Cntxt},O1,{Ai|mapO1(Ci,Ai) exists},M>
M ≡ O1F =OSelect(p,O1), wherep ≡ (A1 ∈S1) ∧...∧ (Ak ∈Sk)

Rule 3. SimpleSetConstraintRule, whenCntxt = glb(<(Cj ,Sj )>,Cntxt1)
semPro(O1F ,O1) = semConstrain(<(Cj ,Sj )>,semPro(O’,O1))
wheresemPro(O’,O1) is definedwith respectto Cntxt1 and
O’ is a temporaryobjectobtainedby applyingconstraintsin Cntxt1 on
O1 schCor(O1F ,O1) =ΠCntxt(semConstrain(<(Cj ,Sj )>,semPro(O’,O1))

= strConstrain(mapO1(Cj ,Aj ),Sj ,schCor(O’,O1))
wherethe mappingM’ associatedwith schCor(O’,O1) is given by:
M’ ≡ O’=OSelect(p,O1)

Rule 3.1. NewConstraint,ExistingAttribute,
i.e., Cj /∈Cntxt1, mapO1(Cj ,Aj ) exists.
The MappingM associatedwith schCor(O1F ,O1) is given as: M
≡ O1F =OSelect((Aj ∈Sj ),O’)

=OSelect((Aj ∈Sj ),OSelect(p,O1))
=OSelect((Aj ∈Sj )∧p,O1)

Rule 3.2. ExistingConstraint,ExistingAttribute,
i.e., Cj ∈Cntxt1, mapO1(Cj ,Aj ) exists.
Suppose(Cj ,S’j )∈Cntxt1.
ThenthemappingM’ associatedwith schCor(O’,O1) maybewrit-
ten as:
M’ ≡ O’=OSelect(p’∧(Aj ∈S’j ),O1) wherep ≡ p’∧(Aj ∈Sj ).
ThemappingM associatedwith schCor(O1F ,O1) is thengivenas:
M ≡ O1F =OSelect((Aj ∈Sj ),O’)

=OSelect((Aj ∈Sj ), OSelect(p’∧(Aj ∈S’j ),O1))
= OSelect(p’∧(Aj ∈Sj∩S’j ),O1)

Rule 3.3. NewConstraint,Non-existingAttribute,
i.e., Cj /∈Cntxt1, mapO2(Cj ,Aj ) doesnot exist.
The mappingM associatedwith schCor(O1F ,O1) is given as:

M ≡ O1F =OProduct(makeObject(Cj ,Sj ),O’)
=OProduct(makeObject(Cj ,Sj ),OSelect(p,O1))

Rule 3.4. NewConstraint,Non-existingAttribute,
i.e., Cj ∈Cntxt1, mapO2(Cj ,Aj ) doesnot exist
Suppose(Cj ,S’j )∈Cntxt1,
thenthemappingM’ associatedwith schCor(O’,O1) maybewrit-
ten as:
M’ ≡ O’=OProduct(makeObject(Cj ,Sj ),OSelect(p’,O1))
The mapping M associatedwith schCor(O1F ,O1) can be then
given as:
M ≡ O1F =OProduct(makeObject(Cj ,Sj ),O’)
= OProduct(makeObject(Cj ,Sj ),

OProduct(makeObject(Cj ,S’j ), OSelect(p’,O1)))
= OProduct(makeObject(Cj ,Sj∩S’j ),OSelect(p’,O1))

Rule 4. ContextConditioningRule, i.e.,
semCondition(Cntxt1,semPro(O1F ,O1))

Rule 4.1. EmptyContextConditioningRule, i.e., Cntxt1 = <>
semCondition(Cntxt1,semPro(O1F ,O1)) = semPro(O1F ,O1)

Rule 4.2. ConstraintConditioningRule, i.e. Cntxt1
= glb(<(Cj ,Sj )>,Cntxt2)
semCondition(Cntxt1,semPro(O1F ,O1))
= semConstrain(<(Cj ,Sj )>,

semCondition(Cntxt2,semPro(O1F ,O1)))

ΠCntxt1(semConstrain(<(Cj ,Sj )>,
semCondition(Cntxt2,semPro(O1F ,O1))))

= strConstrain(mapO2(Cj ,Aj ),Sj ,
ΠCntxt2 (semCondition(Cntxt2,semPro(O1F ,O1))))

Rule 4.3. ContextConditioningandsemCombineRule, i.e.,

semCondition(Cntxt1,semCombine(Ci,
semPro(O’,O1), semPro(O”,Oi)))

= semCombine(Ci,semCondition(Cntxt1,semPro(O’,O1)),
semCondition(Cntxt1,semPro(O”,Oi)))

ΠCntxt1 (semCombine(Ci,
semCondition(Cntxt1,semPro(O’,O1)),
semCondition(Cntxt1,semPro(O”,Oi))))

= strCombine({mapO1(Ci,Ai),mapOi
(Ci,A’ i)},

ΠCntxt1(semCondition(Cntxt1,semPro(O’,O1))),
ΠCntxt1 (semCondition(Cntxt1,semPro(O”,Oi))))

Rule 5. semCombineRule, i.e.,
Cntxt = glb(<(Ci,Oi◦Cass(Oi,O1))>, Cntxt1)
semPro(O1F ,O1) =
semConstrain(<(Ci,Oi◦Cass(Oi,O1))>,semPro(O’,O1))
= semCombine(Ci,semPro(O’,O1),

semCondition(Cass(Oi,O1), semPro(OiF ,Oi)))
where semPro(O’,O1) is definedwith respectto Cntxt1 and O’ is a
temporaryobjectobtainedby applyingall the constraintsin Cntxt1 to
O1
ΠCntxt(semCombine(Ci,semPro(O’,O1),

semCondition(Cass(Oi,O1), semPro(OiF ,Oi))))
= strCombine({mapO1(Ci,Ai),mapOi

(Ci,A’ i)},
ΠCntxt1(semPro(O’,O2)),
ΠCass(Oi,O1)(semCondition(Cass(Oi,O1),semPro(OiF ,Oi))))

= strCombine({mapOi
(Ci,A’ i),mapO1(Ci,Ai)},

schCor(O’,O1),schCor(O”,Oi))
whereO” is a temporaryobjectobtainedby applyingall theconstraints
in Cass(Oi,O1) to OiF
and the mappingsM’ and M” associatedwith schCor(O’,O1) and
schCor(O”,Oi) aregiven as:
M’ ≡ O’=OSelect(p’,O1) M” ≡ O”=OSelect(p”,Oi)

Rule 5.1. NewConstraintandExistingAttributes,
i.e., Ci /∈ Cntxt1,mapOi

(Ci,A’ i) andmapO1(Ci,Ai) exist.
M ≡ O1F =OJoin(g(Aj ,A’ j ),O’,O”)

=OJoin(g(Ai,A’ i),OSelect(p’,O1),OSelect(p”,Oi))
Rule 5.2. CoordinateCompositionRule, i.e.,Ci = compose(Ci,1,Ci,2)

The compositionof attributesis asfollows:
mapO(Ci,X) = mapO(compose(Ci,1,Ci,2),compose(X1,X2))

= compose(mapO(Ci,1,X1),mapO(Ci,2,X2))
Let mapO1(Ci,Ai)

= compose(mapO1(Ci,1,Ai,1),mapO1(Ci,2,Ai,2))
Let mapOi

(Ci,Ai)
= compose(mapOi

(Ci,1,A’ i,1),mapOi
(Ci,2,A’ i,2))

The mappingM associatedwith schCor(O1F ,O1) is given as:
M ≡ O1F =OJoin(g(<Ai,1,Ai,2 >,<A’ i,1,A’ i,2 >),O’,O”)
=OJoin(g(<Ai,1,Ai,2 >,<A’ i,1,A’ i,2 >),

OSelect(p’,O1),OSelect(p”,Oi))

Appendix 2 Taxonomiesof schematicconflicts

In this section,we enumeratethevarioustypesof schematic/
representationalconflicts identified by us in the taxonomy
proposedin this paper.We take a representativesampleof
the multidatabaseliterature in this areaand show the rela-
tionship of their work with ours by meansof a table (Ta-
ble 3). We believethis paperprovidesa morecompleteenu-
merationof the various typesof conflicts and their defini-
tions.
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Table 3. Comparisonof the typesof conflicts.We usethe symbolα to denotethat the referencehasan informal discussionof the schematicconflict. We
usethe symbolβ to denotethat the schematicconflict hasbeendefinedformally

Schematicconflicts [DH84] [CRE87] [SPD92] [SK92] [KCGS93] [HM93]
Domain incompatibilities β α α

Namingconflicts β α β β β α
Datarepresentationconflicts α β β
Datascalingconflicts β α β β β
Dataprecisionconflicts β β
Default valueconflicts β β α
Attribute integrity constraintconflicts α β β α

Entity definition incompatibilities β α α

Databaseidentifier conflicts α β β
Namingconflicts β α β β β
Schemaisomorphismconflicts α α β β β α
Missing dataitem conflicts β β β α

Data value incompatibilities α α α

Known inconsistency β β β
Temporaryinconsistency β β β
Acceptableinconsistency β

Abstraction level incompatibilities α α α

Generalizationconflicts β β β β β
Aggregationconflicts β α β β β

Schematicdiscrepancies α

Datavalueattributeconflict β
Attribute entity conflict α β β β
Datavalueentity conflict β


