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Abstract. In amultidatabassystemschematiconflictsbe-
tween two objects are usually of interestonly when the
objects have some semanticsimilarity. We use the con-
ceptof semantigproximity, which is essentiallyan abstrac-
tion/mappingbetweenthe domainsof the two objectsasso-
ciated with the contextof comparison An explicit though
partial contextrepresentatioiis proposedandthe specificity
relationshipbetweencontextsis defined. The contextsare
organizedas a meetsemi-latticeand associateperations
like the greatestlower bound are defined. The context of
comparisonand the type of abstractionsusedto relatethe
two objectsform the basisof a semantictaxonomy.At the
semanticlevel the intensionaldescriptionof databaseob-
jects provided by the contextis expressedising descrip-
tion logics. The termsusedto constructthe contextsare ob-
tainedfrom domain-specifiontologies Schemacorrespon-
dencesare usedto store mappingsfrom the semanticlevel
to the datalevel and are associatedvith the respectivecon-
texts. Inferencesabout databasecontent at the federation
level are modeledas changesn the contextandthe associ-
atedschemacorrespondence$Ve try to reconcilethe dual
(schematicand semantic)perspectivedy enumeratingpos-
sible semanticsimilarities betweenobjects having schema
and data conflicts, and modeling schemacorrespondences
asthe projectionof semantigproximity with respecto (wrt)
context.

1 Intr oduction

Many organizationsface the challenge of interoperating
amongmultiple independentlydevelopeddatabasesystems
to performcritical functions.With highinterconnectivityand
accesgo manyinformationsourcesthe primaryissuein the
future will not be how to efficiently processhe datathatis
knownto berelevant butto determinewhich datais relevant
[She9]1. 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 areinterested
in the reconciliationof the semanticand schematigerspec-
tives andits useasa steptowardsinformationfocusingand
correlation acrossmultiple databases.

We characterizethe degreeof semanticsimilarity be-
tween a pair of objects using the conceptof semantic
proximity [SK92. It is basedon the premisethat it is
essentialto associatethe abstractions/mappings between
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 differentin details
[ON93 SSR92 YSDKO91]. This associatiorof contextwith
abstractiongepresentshe first stepin achievingthe recon-
ciliation betweenthe semanticand schematigerspectives.

Inadequaciesof purely structural and mapping-based
methodsare discussedand explicit representatiorof con-
text is proposedto resolve some inadequaciesComputa-
tional benefitsof representingontextarealsodiscussedWe
proposea partial representationf contextasa collection of
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) expression$BS819.

In orderfor a contextrepresentationo be usefulfor se-
mantic interoperabilityin multidatabasest is importantto
haveautomaticways of comparingand manipulatingthem.
Basedon the proposedrepresentatiorf context,we define
the specificity relationship betweentwo contexts.A defi-
nition of the specificity relationshipand the greatestlower
bound(glb) and other operationson contextsare presented.
The specificityrelationshipinducesa partial ordersuchthat,
for any two contexts thereexistsa glb leadingto the orga-
nizationof the contextsetasa meetsemi-lattice.

The semanticproximity descriptorconsistsof context
and abstractionas its main componentsDependingon the
valuesassumedy thesetwo componentsye definea data
model-independentaxonomyof semanticsimilarities. The
possiblevaluesof the first componentcan be contextscon-



structedusingthevariousoperationgnentionedabove Clas-
sification or taxonomiesof schematiaifferencesappearin

multidatabaséditerature.However,purely schematiaconsid-
erationsdo not suffice to determinethe similarity between
objects[FKN91, SG89. We try to reconcilethe two per-
spectiveshy enumeratinghe possiblesemanticsimilarities
betweenobjectshaving schematicand dataconflicts.

Even thoughthe representatiorof semanticsbetteren-
ablesusto representhe similaritiesbetweerthe variousob-
jects,we alsoneedto be ableto capturestructuralsimilarities
in a mathematicaformalismfor reasoningon the computer.
We definethe conceptof schemacorrespondenceso cap-
ture the structuralsimilarities betweenthe objects.They are
alsoassociatedvith the contextin which the semantigrox-
imity is defined.We reconcilethe semanticand schematic
perspectivesdhy defining the schemacorrespondencas a
projection of the semanticproximity with respectto (wrt)
context. The semanticof the projectionoperationare cap-
turedin the rulesof the algebraenumeratedn Appendix1.

The overall organizationof the paperis as follows. In
Sect.2, we presenta modelto represensemanticsimilari-
ties amongobijects.In Sect.3, we discussthe rationalefor
representationf contextin amultidatabasenvironmentand
proposeanexplicit, thoughpartial,representationf context.
The associateadperationsfor reasoningaboutand manipu-
lating the contextrepresentationarealsodefined.In Sect.4,
a taxonomyof the varioustypesof possiblesemanticsimi-
larities betweenthe variousobjectsis presentedln Sect.5,
we discussa broad classof schematicdifferencesand the
possiblesemanticsimilarities betweenobjectshaving those
differencesIn Sect.6, we definea uniform formalism for
representatiorof structuralsimilarity. It is associatedvith
the contextandis definedasthe projectionof semanticsim-
ilarity. Examplesillustrating the operationsrom an algebra
describingthe projection operation(Appendix 1) are pre-
sented A discussiorof relatedwork is presentedn Sect.7.
Conclusionsand future work are presentedn Sect.8.

2 Semanticsimilarities betweenobjects

In this section,we discusshe conceptof semantigroximity
which characterizesemantic similarities betweenobjects.
We distinguishbetweenthe real world andthe modelworld
which is a representatiomf the real world. As in the work
in semanticdatamodeling[HK87, PM8¢, we endeavorto
capturesomeof the importantsemanticinformation about
therealworld andrepresenit in the modelworld. However,
overandabovethe semanticof the data,we alsoattemptto
capturesemanticsof queriesand applications.This enables
us to supportsemantics-basetbcusing and correlation of
informationacrossmultiple databasewvith respecto an ap-
plication.

Attempts have beenmadeto capturethe similarity of
objectsby usingmathematicatools like valuemappingse-
tweendomainsand abstractionsuchas generalizationag-
gregation,etc. However,it is our belief that the real-world
semantics(RWS) of an object cannotbe capturedsuffi-
ciently using mathematicafformalisms. The term “object”

1 The term “real-world semantics’distinguishesrom the “(model) se-
mantics” that can be capturedusing the abstractionsn a semanticdata
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in this paperrefersto an objectin the modelworld (i.e., a
representatiorr intensionaldefinition in the modelworld,
e.g.,an object classdefinition in object-orientednodelsor
relationin relationalmodels)as opposedto an entity or a
conceptin the real world. Theseobjectsmay model infor-
mation at any level of representationsuchas the attribute
or entity level.

We needto understandndrepresenmoreknowledgeto
capturethe semanticf relationshipsetweenobjects.This
knowledgeshouldbe ableto capturethe context of compar-
ison of the objectsandthe abstraction relatingthe domains
of the two objects.Attemptsto partially represensuchex-
tra knowledgeinclude the use of meta-attribute{ SSR92
andbuilding and partitioning ontologiesinto micro-theories
[Guh9q.

Attempts to representcontext and abstractionas sug-
gestedabovehavebeenreflectedin the techniquesandrep-
resentationatonstructausedby variouspractitionersandre-
searchersn the field of multidatabasesThe modelfor se-
manticproximity definedin this sectionhasbeeninfluenced
by theseattempts.Somesignificantattemptsarethe seman-
tic proximity proposalby Shethand Kashyap[SK92, the
context building approachby OukselandNaiman[ON93,
the context interchangeapproachby Scioreet al. [SSR92
andthecommonconceptsapproactby Yu etal. [YSDK91].
We relatethe aboveattemptsto semanticproximity.

2.1 Semantigroximity: a modelfor semanticsimilarity

Given two objectsO; and O,, the semanticproximity be-
tweenthemis definedby the 4-tuple given by [SK92:

semPo (01, Oy)
=< Context, Abstraction, (D1, D2), (S51,S)>,
whereD; is domainof O; andS; is stateof O;.

— Thefirst componentenotegshe contextin whichthetwo
objectsO; andO, arebeingcomparedThis contextmay
be the same different, or relatedin somemannerto the
context(s)in which the objectsO; and O, aredefined.

— Theseconccomponentdentifiestheabstraction/mapping
usedto relatethe domainsof the objects,0; and O,.

— Thethird componenenumerateshe domaindefinitions
of the objects,0; and O,. The domainsmay be defined
by either enumeratingthe valuesas a set or by using
existing type definitionsin the database.

— The fourth componentnumerateshe statesof the ob-
jects,which arethe extension®of the objectsrecordedn
their respectivedatabaseat a particulartime.

In Fig. 1 we haveillustratedthe definition of the semantic
proximity betweentwo objectsO; and O, in the database.
Context(Q) andcontext(Q) representhe contexty(referred
to asdefinitioncontextslaterin the paper)in which the ob-
jectsO; andO, aremappedrom therealworld to themodel
world. Contextrefersto the contextin which the objectsare
beingcompared.

model. Our definition is alsointensionalin natureanddiffers from the ex-
tensionaldefinition of EImasriet al. [ELN86] who definethe RWS of an
objectto be the setof real-world objectsit represents.
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Fig. 1. Semantigproximity betweentwo objects

2.2 Context:the semanticcomponent

The contextis the key componentn capturingthe semantics
relatedto an object’'sdefinition andits relationshipgo other
objects Alternativesdiscussedn the multidatabaséiterature
for representingontextare as follows.

— In [ON93, contextis definedas the knowledgethat is
neededo reasonaboutanothersystem for the purpose
of answeringa query.lt is specifiedasa setof assertions
identifying the correspondencdsetweernvariousschema
elements.

— In [SSR92, contextis definedasthe meaning,content,
organizationand propertiesof data.lIt is modeledusing
meta-dataassociatedvith the data.

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

— When using a well-defined ontology, such as Cyc
[Guh9Q, a well-defined partition (called Microtheory
of the ontology is assignech context.

— A context may be identified or representedising the
following [SK92.

— by associationith adatabaser agroupof databases

— astherelationshipin which an entity participates

— from aschemarchitecturde.g.,themultidatabaser
federatedschemaarchitectureof [SL9(]), a context
can be specifiedin terms of an export schema(a
contextthatis closerto the databasepr an external
schemaa contextthatis closerto the application)

— at a very elementarylevel, asa namedcollection of
domainsof objects

A contextmay be usedin severalwaysto capturethe
relevantsemantics. A context may be associatedwvith an
objectto specify the assumptionsisedin its designand its
relationshipswith other objects.However,the term context
in semPraefersto thecontextin which a particularsemantic
similarity holdsbetweentwo objects.As we shall seelater,
the contextin semProneednot be the exactly the sameas
the contextsassociatedvith the objects.

2.3 Abstractions/mappingghe structural component
We usethe term abstractiorto refer to the relationbetween

the domainsof the two objects.Mapping betweenthe do-
mains of objectsis the mathematicakexpressionto denote

the abstractionsHowever,sinceabstractiondy themselves
cannotcapturesemanticsimilarity, they haveto be associ-
atedeitherwith the context[KS93 or with extraknowledge
in orderto capturethe RWS. Someof the proposalsare as

follows.

— In [SK92, abstractionsare definedin terms of value
mappingsbetweenthe domainsof objectsand are asso-
ciatedwith the contextas a part of the semanticprox-
imity.

— In [ON93, mappingsare definedbetweenschemaele-
mentscalled interschemacorrespondenceassertionsor
ISCAs. A setof ISCAs underconsideratiorarea repre-
sentationof the contextfor integrationof the schemas.

— In [SSR92, mappingscalled conversionfunctions are
associateavith the meta-attributesvhich definethe con-
text.

— In [YSDK91], the attributesare associatedvith “com-
mon concepts”. Thus the mappings (relationship) be-
tween the attributesare determinedthrough the extra
knowledgeassociatedvith the concepts.

Someusefuland well-definedabstractionsre

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

Partial many-onemapping. In this case,somevaluesin the
domainof one of the objectsmight remainunmapped,
or avaluein onedomainmight be associatedavith many
valuesin anotherdomain.

Generalization/specializationOne domain can generalize/
specializethe other, or domainsof both the objectscan
be generalized/specializetd a third domain.

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

FunctionaldependenciesThe valuesof one domainmight
dependfunctionally on the otherdomain.

ANY. This is usedto denotethatany abstractiorsuchasthe
onesdefinedabove may be usedto define a mapping
betweenthe domainsof two objects.

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

2.4 Domainsof the objects

Domainsrefer to the setsof valuesfrom which the objects
cantaketheir values.Whenusingan object-orientednodel,
the domainsof objectscanbe thoughtof astypes,whereas
the collectionsof objectsmight themselvede thoughtof as
classesA domaincanbe eitheratomic (i.e., cannotbe de-
composedny further) or composedf otheratomicor com-
positedomains.The domainof an objectcan be thoughtof
asa subsetof the cross-producof the domainsof the prop-
ertiesof the object(Fig. 2). Analogously,we canhaveother
combinationsof domains,suchasunion andintersectionof
domains.

An importantdistinctionbetweera contextandadomain
should be noted. One of the ways to specify a contextis
as a namedcollection of the domainsof objects,i.e., it is
associatedvith a group of objects.A domain,on the other
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Domain of attr(D3)

Fig. 2. Domainof an objectandits attributes

handis a property of an objectand is associatedvith the
descriptionof that object.

2.5 Stateqextensionsdf the objects

The stateof an objectcanbe thoughtof as an extensionof
anobjectrecordedn a databaser databaseddowever,this
extensionmustnot be confusedwith the actualstateof the
entity being modeledaccordingto the RWS. Two objects
having different extensionscan have the samestate RWS
(andhencebe semanticallyequivalent).

3 Explicit context representationin a multidatabase
environment

In this section,we discussthe inadequaciesf purely struc-
tural and mapping-basednethodsto represenobject simi-
larity andhow representingontextin the modelworld helps
solve someof them. We also discusscomputationabdvan-
tagesof representingontextin themodelworld andpropose
an appropriaterepresentatiorof contextas a collection of
contextualcoordinatesand their values.The contextualco-
ordinatesandtheir valuesmay be chosenfrom a previously
definedontology of concepts.

We view ontology as the symbolic layer closestto
conceptsin the real world. An ontology may be defined
as the specificationof a representationatocabularyfor a
shareddomainof discoursewhich may include definitions
of classesrelations,functions and other objects [Gru93.
Criteria for constructingcontextsfrom an ontology are dis-
cussedn [KS954.

We discussa partialrepresentationf context,the seman-

tics of which areinformally explainedusingDL expressions.

We shall alsodefineoperationsor automaticways of com-
paring (e.g., decidingwhetherone contextis 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-
specific ontologiesfrom which termsto constructcontexts
are obtainedis alsopresented.

3.1 Rationalefor contextrepresentation

In characterizingthe similarity betweenobjects basedon
the semanticaassociatedvith themwe haveto considerthe
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RWS of an object. It is not possibleto completely define
whatanobjectdenotesor meansn themodelworld [SG89.

We proposethe context of an object as the primary vehi-

cle to capturethe RWS of the object. The contextin which

two objectsare being comparedand the associate@bstrac-
tion/mappinghelps to capturethe semanticaspectof the
relationshipbetweentwo objects(Fig. 1). We argue for the
needfor representingontextby showingthe inadequacyof

purely structuralrepresentations/Ve also discussthe com-
putationalbenefitsof representingontext.

3.1.1Inadequacyof purely structuralrepresentations

It hasbeensuggestedy Shethand Gala, Kashyap[SG89

KS94H and Fankhauseet al. [FKN91] that the ability to

representhe structureof an object doesnot help capture
the RWS of the object. It is not possibleto provide a struc-

tural and hencea mathematicaldefinition of the complex
notion of RWS. In [LNE8Y], a one-to-onemappingis as-

sumed betweenthe attribute definition and the attribute’s
RWS. They definean attributein termsof fixed descriptors
such as Uniqueness].ower/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 necessanbut not

sufficient to determinethe semanticequivalenceof the at-

tributes.

Considertwo attributesperson-nameand department-
name We may be able to define a mapping betweenthe
domainsof thesetwo attributes,but we know that they are
not semanticallyequivalent.In orderto be able to capture
this lack of equivalencewe proposethe mappingsbetween
the domainsof the attributesbe made with respectto a
context. We definetwo 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 coherencds defined later
in this section.Sincethe definition contextsof person-name
anddepartment-namarenot coherenfoneidentifiesan an-
imate andthe otheridentifiesan inanimateobject), they are
not definedas equivalentattributes.

3.1.2 Computationabenefitsof representingcontext

In [Sho9], Shohamdiscussedthe computationalbenefits
thatmightaccruein modelingandrepresentingontextin Al
andknowledge-baseslystemsWe believethattherearesim-
ilarities betweenAl/knowledge-basedndmultidatabassys-
temsthat suggestcontextrepresentationn a multidatabase
systemfor a cleanand efficient handlingof information.

Economyof representation.In a mannerakin to database
views, contextscan act as a focusingmechanismwvhen
accessinghe componentdatabase®f a multidatabase
system.They can be a semanticsummaryof the infor-
mationin a databaser group of databasesnd may be
able to capturesemanticinformation which cannotbe
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expressedn the datadefinition model of the databases.

Thus, unnecessangdetails can be abstractedfrom the
user.Exampledetailingthis areenumerateéh Sect.6.2.
Economyof reasoning.Insteadof reasoningwith the infor-
mationpresenin the databasesawhole,reasoningcan

be performedwith the contextassociatedvith a database

or a group of databasesThis approachhasbeenused
in [KS943 MKSI96] for informationresourcediscovery
andqueryprocessing.

Handling inconsisteninformation. In a multidatabasesys-
tem, where databasesare designedand developednde-
pendently,it is not uncommonto have information in
one databasdnconsistentwith information in another.
As long as informationis consistentwithin the context
of the query of the user, inconsistencyin information
from different databasesnay be allowed. This is dis-
cussedn Sect.5.3.

Flexible semantics. A big fallout of associatingabstrac-
tions/mappingswith the contextin the semanticprox-
imity model(Sect.2.1) is thatthe sametwo objectscan
be relatedto eachotherdifferently in two differentcon-
texts. This is becausdwo objectsmight be semantically
closerto eachotherin one contextthanin the other.

3.2 A partial contextrepresentation

Therehavebeenattemptdo representhe similarity between
two objectsin databasedn [LNE8Y], afixed setof descrip-
tors define essentialcharacteristicof the attribute and are
usedto generatenappingdetweerthem.We havediscussed
with the help of an examplehow they do not guaranteese-
manticsimilarity. Thus,any representatiof contextwhich
canbe describedby a fixed setof descriptorsis not appro-
priate.

The descriptorgor meta-attributes@arenot fixed but dy-
namically chosento model the characteristicsof the ap-
plication domainin question.It is not possiblea priori to
determineall possible meta-attributeswhich would com-
pletely characterizéhe semanticof the applicationdomain.
This leadsto a partial representatiomf context.\We repre-
sentcontextasa collectionof contextualcoordinategmeta-
attributes)asfollows:

Context= <(C]_, V]_) (Cz, V2) (Ck, Vk) >

We shallinformally explainthe meaningof the symbolsC;
and V,; by using examplesand by enumeratingthe corre-
spondingDL expressiongTable1). Using DL expressiori
it is possibleto define primitive classesand, in addition,
specify classesusing intensional descriptionsphrasedin
termsof necessanandsuficient propertieghat mustbe sat-
isfiedby their instancesTheintensionaldescriptionsnaybe
usedto expresshe collectionof constraintsghat makeup a
context. Also, each C; roughly correspondgo a role and
eachV; roughly correspondso fillers for therole the object
musthave.

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

- C;, 1 < i < k, is a contextualcoordinatedenotingan
aspectof context.

— C; may modelsomecharacteristiof the subjectdomain
and may be obtainedfrom a domain-specificontology
(discussedater in this section).

— C; may modelanimplicit assumptiorin the designof a
database.

— C, may or may not be associatedvith anattributeA ; of
anobjectO in the database.

The value V; of a contextualcoordinateC; can be repre-
sentedin the following manner:

— V,; canbeavariable.

— It is usedonly at the highestlevel of nesting for
retrieval of objects/properties.

— It canbeunified(in the senseof Prolog)with another
variable,a setof symbols,an objector type defined
in the databaser anothervariable.

— It canbeunifiedwith anothewariableassociategvith
a context.

— It canbe usedto imposeconstraintson the answer.
Example.Supposewe are interestedin peoplewho are
authorsandwho hold a post.We canrepresenthe query
contextC, (discussedaterin this section)asfollows:
C, = <(author,X) (designeeX)>
The samething canbe expressedn a DL asfollows:
C, = [author]for (SAME-AS authordesignee)

— V,; canbe a set.

— The setmay be an enumerationof symbolsfrom a
domain-specifiontology.

— The setmay be definedasthe extensionof an object
or aselementdrom the domainof a type definedin
the database.

— Thesetmaybe definedby posingconstraintson pre-
existing sets.

Example Supposeve wantto representhe assumptions
implicit in the designof the object EMPLOYEE in a
databaseWe canrepresenthis asthe definition context
of EMPLOYEE, C4.(EMPLOYEE) asfollows:
Cacf(EMPLOYEE)
= < (employer,[DeptypesuU{restypes])
(article,PUBLICATION)>
Let Deptconcept term correspondingo Deptypesin
anontology
The samething canbe expressedn a DL asfollows:
Ca.;(EMPLOYEE)
= (AND EMPLOYEE
(ALL article PUBLICATION)
(ALL employer(OR Deptconcept)
(ONE-OF research))
Deptypesis a type definedin the databaseThe sym-
bols restypes,employerand article are takenfrom the
ontology. The definition context (defined later in this
section)expressesn associatiorbetweenEMPLOYEE
and PUBLICATION which may not be capturedin the
database.
— V,; canbe a variableassociatedvith a context.

— This can be usedto expressconstraintswhich the
resultof a queryshouldobey.This is calledthe con-
straintcontextandis definedlaterin this section.
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Table 1. Contextualcoordinate value pairs andthe correspondinddL expressions

Contextual coordinatesand values, Cg. £ (O), Cq

DL expressions

Caer(0) = <(Cq, V1) ... (Ck, Vi)>

Caer(0) = <(C;, Oj0 <(Cj, V4)>)>
Cq = <(C;, X) (C]', X)>
Cy = <(C;, Xo <(Cj, V;)>)>

(AND O (ALL C; V1) ... (ALL Cy, Vi)
(AND O (ALL C; (AND O; (ALL C; V;))))
[C:] for (SAME-AS C; C;)

— Theconstraintsvould applyto the set,type or object
the variable X would unify with.

Example.Supposewne want all the articleswhosetitles
contain the substring“abortion” in them. This can be
expressedn the following query context:
C, = <(article,
Xo <(title, {y|substring(y)= “abortion”})>)>
= <(article, XoCntxt)>

whereo denotesassociatiorof a contextwith a variable
X and

Cntxt = <(title, {y|substring(y)= “abortion”})>
Associationof a variableand a contextensureghat the
answersatisfiesthe constraintexpressedn the context.
The samething canbe expressedn a DL asfollows:
Let Extension(AString) = {y|substring(y)= “abortion”}
C, = [article] for (ALL article (ALL title AString))

— V,; can be a set, type or an object associatedwvith a
context.

— This is called the associatiorcontextand is defined
laterin this section.

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

Example.Supposewne wantto represeninformationre-
lating publicationsto employeesn a databasel_et PUB-
LICATION and EMPLOYEE be objectsin a database.
The definition contextof HAS-PUBLICATION can be
definedas:

Caer (HAS-PUBLICATION)

= <(article, PUBLICATION)

(author,EMPLOYEE» <(affiliation, {research)>)>

Cier(HAS-PUBLICATION)
= <(article, PUBLICATION)
(author, EMPLOYEE-Cntxt)>

whereo denotesassociatiorof a contextwith an object
EMPLOYEE, and Cntxt = <(affiliation, {research)>
Associatiorof a contextwith anobjectis similarto defin-
ing a view on the objectextensionsuchthat only those
instancessatisfying the constraintsdefinedin the con-
text are exportedto the federation.The samething can
be expressedn a DL asfollows:

Caer(HAS-PUBLICATION)
= (AND HAS-PUBLICATION
(ALL article PUBLICATION)
(ALL author(AND EMPLOYEE
(ALL affiliation (ONE-OF research)))))

Note thatthe relationshipsbetweenEMPLOYEE, PUB-
LICATION andHAS-PUBLICATION is informationrep-
resentedn the contextnot modeledin the database.

3.2.1 Definition contextof an object

GivenanobjectO in a databaseanda collection of contex-
tual coordinate<C;s from the ontology,the definitioncontext
is denotedasCy, ¢ (O) andcanbeusedin thefollowing ways:

— to specifythe assumptionsisedin the designof the ob-
jectO

— to shareonly a pre-determine@xtensionof the objectO
with the federationof databasesThis exportedobjectis
denotedasOr

The associationdetweenthe objectsstoredin the database
andthe objectsexportedto the federationare expressedis-
ing the conceptf semanticproximity andschemacorre-
spondenceqdefinedin Sect.6.1).

3.2.2 Associationcontextof objects

GivenobjectsO andO; in a database¢he dependencef the
definitioncontextof O on the contextof associatiorbetween
O and 04, C,,s(01, O) canbe representeds:

Cicr(0) = <(Cy, 010C445(04, O)) ... (Cy, Vi) >

The associatiorcontextcan be usedin the following ways:

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

— different relationshipsbetweentwo objects may hold
with referenceo differentaspectof the subjectdomain.
This can be modeledby different associationcontexts
betweenthe two objectsassociatedvith different con-
textual coordinates

— to modeltherelationshipshetweerthe objectO anddif-
ferent(morethanone)objectsasa part of the definition
contextof the sameobject. Thus,the context of an object
would consist of its relationships with other objects

3.2.3Query context

Whenevera query Q is posedto a federationof databases,
we associatavith it aquerycontextC, which makesexplicit
the partial semanticf the query Q.

— The usercan consultontologiesto constructthe query
contextin asemi-automatienannerlssuesf combining
and displaying ontologiesto enablea userto do this
easilyarediscussedn [MKSI96, MKIS96, KS96|.

— Objectsand types definedin databasesre also avail-
ableto the userby relatingthemto someconceptin an
ontology.
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— The queryis expresseds a setof constraintawhich an
answerobjectmustsatisfy. The constraintseexpressedn
the query contextcan expressncompleteinformation.

3.2.4 Constraintcontext

The constraintcontext, C..,s:-(XK,ANSWER) is typically a
part of the query contextandis usedto poseconstraintson
the answerreturnedfor the query.

Cy = <(C1, X0oCeonsir(X, ANSWERY)) ... (Cy, Vi)>

— It is associatedvith a variable which may be a place-
holderfor the answeror a part of the answer.The vari-
able may be instantiatedto an objector type definition.

— The contextmay representonstraintson the objectand
its attributesor the contextual coordinatesassociated
with an object.

— The constraintsvhich we currentlylimit to arecardinal-
ity constraintson setsandthosethat may be definedas
a predicateon the elementsof a set.

3.3 Reasoningaboutand manipulationof contexts

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

— the most commonrelationshipbetweencontextsis the
“specificity” relationship Giventwo contextsC; andC,,
C, < C, if Cq is at least as specific as C,. This is use-
ful when objectsdefinedin a particularcontexthaveto
transcendMcC93 to amorespecificor generalcontext.
This is discussedn detail with examplesn [KS95H.

— It is alsothe casethat two contextsmay not be compa-
rableto eachother,i.e. it may not be possibleto decide
whetheroneis moregeneralthanthe otheror not. Thus,
the specificity relationshipgives us a partial order.

— Foreverytwo contextswe definethe glb of two contexts
asthe mostgeneralcontextwhich is more specificthan
eachof the two contexts.The setof contextsthusforms
a meetsemi-lattice.

3.3.1The specificity relationship

The specificityrelationshipbetweertwo contextsdetermines
which contextis more generalthan the other. We havede-
fined this relationshipwith the help of specificityrulesgov-
erningthe contextualcoordinatesaandtheir values.

Let Cntxt; = <(Cy, V1) (Cy, V2) ... (Ci, Vi)>
Cntxb = <(C'1, V' 1) (C'2, V'2) ... (C'py, V' 1i)>

Cntxt; < Cntxt, if Cntxt; is at least as specificas Cntxt,
In thefollowing exposition,C, Cy, Cy, C'1, C'5, ... denotethe

contextualcoordinatesof the contextsunder consideration.
V, V1, Vo, V'1, V'5, ... denotethe valuesof the contextual

coordinatesA, A, Ao, ..., S, S, S, ... standfor sets.X, Y,
Z, .... standfor variables.

The specificity rules for the valuesof the contextualco-
ordinates(V,s) areasfollows:

variable specificity: V3 < X, anything is more specific than
a variable

setspecificity: S < S iff S C S,

associationcontext specificity: theseare rules concerning
specificityof contextualcoordinatesvhenanassociation
contextis involved.

- AloCntxti < A, if A <A,
— A;oCntxt; < AjoCntxt; if
A; < Aj; A Cntxt; < Cntxt;

Cnixt < Cntxt, if the following conditionshold:

-m<Kk
-Vi,1<i<m3C;<CEAV,; <V,

3.3.2Operationson the contextlattice

As observecdearlier, the specificity relationshipbetweenthe
contextsinducesa partial order amongthe contexts.Thus,
the contextcan be organizedas a meetsemi-latticewhere
every pair of contextshasthe glb. In this subsectionwe
define the glb operationand other operationswe will use
laterin the paper.

overlap(Cntxt, Cntxt) = {C;| C, € Cntxg A C; € Cnixt, }
coheent(Cntxt, Cntxt) This operatordetermineswhether
theconstraintgleterminedy thevaluesof the contextual
coordinatesare consistent.
Example Let Cntxt; = <(salary,{x| x < 10000)>
Cntxt, = <(salary,{x| x > 10000)>
Thus, coherent(Cntxt, Cntxt) = 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(V;, V' ;) are

Variable: glb(V;, X) = V,;

sets: gIb(S, ) =S NS,

Association contexts. thesearerules concerningthe glb of
the valuesof the contextualcoordinatesvhenan associ-
ation contextis involved.

— glb(A1oCnitxt;, A2) = glb(Az, A2)oCntxt;
— gIb(A;oCntxt;, A oCnitxt;)
= glb(A;, Aj)oglb(Cntxt, Cntxt;)

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

3 This specificity relationshipbetweencontextualcoordinatess deter-
minedfrom the ontologyandis beyondthe scopeof this paper.In defining
the variousoperationson the contextlattice we shall usethe equalitycom-
parisoninstead.



— glb(Cntxt, Cntxt) = Cntxty, if Cntxt, = <>
[Empty Context]
—(C;, V;) € glb(Cntxt, Cnixt),
if C; ¢ overlap(Cntxt, Cntxt)
—(C;, V';) € gIb(Cntxt, Cntxt),
if C'; ¢ overlap(Cntxt, Cntxt)
— (Cy, 9Ib(V, V' ;) € glb(Cnixt, Cnixty),
if C, = C’; € overlap(Cntxt, Cntxt)
An alternative equivalentrepresentatiorof a context (ex-
pressedisingthe glb operation)is very usefulwhenthereis
aneedto carryoutinferencesn the contextandinformation
associatedvith it.
Cnitxt = <(C1, V]_)(Cz, V2) (Ck, Vk)>
= glb(<(Cy, V1)>,glb(<(Cy, V2)>, ...,
gib(<(Cg, Vi)>, <>) ... )
Example.Considerthe following two contexts:
Cntxt
= <(author,EMPLOYEE> <(affiliation, {research)>)
(article, PUBLICATION)>
Cntxt
= <(article,
Xo <(title,{x| substring(x)="abortion"})>)>
It shouldbe notedthat
— article € overlap(Cntxt,Cntxb)
= (article, glb(PUBLICATION,
Xo <(title, {x|substring(x)= "abortion"})>))
€ glb(Cntxt, Cntxt)
— author¢ overlap(Cntxt,Cntxt) =
(author,EMPLOYEE> <(affiliation, {research)>)
€ glb(Cntxt, Cntxt)
— glb(PUBLICATION,
Xo <(title, {x|substring(x)= "abortion"})>)
= glb(PUBLICATION,X)o
<(title,{x|substring(x)= "abortion"})>
[AssociationContexts]
= PUBLICATIONo
<(title,{x|substring(x)= "abortion"})>
[glb of a variable and an object]
glb(Cntxt,Cntxt)
= <(author,EMPLOYEE> <(affiliation, {research)>)
(article, PUBLICATIONo
<(title,{x| substring(x)="abortion"})>)>

3.4 Issuesof languageand ontologyin context
representation

In this section,we discussthe issuesof alanguagen which
the explicit representatiomiscussedabovecan be bestex-
pressedWe alsodiscussissuesof ontology,i.e., the vocab-
ulary usedby the languageto representhe contexts.

3.4.1Languag€for contextrepresentation

In Sect.3.2, we have proposeda contextrepresentatioras
a collectionof contextualcoordinatesandtheir values.The
valuesthemselvesnay havecontextsassociatedvith them.
In this section,we enumeratethe propertiesdesiredof a
languageto expressthe contextrepresentation.
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— Thelanguageshouldbe declarativan nature,asthe con-
text shall typically be usedto expressconstraintson ob-
jectsin an intensionalmanner.Besides the declarative
nature of the languagewill makeit easierto perform
inferenceson the context.

— The languageshould be able to expressthe contextas
a collectionof contextualcoordinateseachdescribinga
specificaspectof information presentin the databaser
requestedy a query.

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

— Thelanguageshouldhaveprimitives to performnaviga-
tion in the ontology to identify the abstractionselated
to the ontological objectsin the query contextor the
definition contextsof objectsin the databases.

3.4.2The ontology problem

In constructingthe contextsas illustratedin Sect. 3.2, the
choice of the contextualcoordinates(C;s) and the values
assignedo them (V,s) is very important. There should be
ontological commitmentsi.e., agreementsabout the onto-
logical objectsusedbetweenthe usersand the information
systemdesignersin our case this correspondso an agree-
ment on the termsusedfor the contextualcoordinatesand
their valuesby a userin formulating the query contextand
a databaseadministratorfor formulating the definition and
associationcontexts.In an examplein Sect. 3.2, we have
definedC,.s(EMPLOYEE) by making useof symbolslike
employer affiliation and reimbursementrom the ontology
for contextualcoordinatesand reseach, teachingetc., for
the valuesof the contextualcoordinates.

We assumethat each databasehas available an ontol-
ogy correspondingo a specificdomain. The definition and
associatiorcontextsof the objectstake their termsandval-
uesfrom this ontology.However,in designingthe definition
contextsandthe query context,the issuesof combiningthe
variousontologiesarise.

We now enumeraterariousapproachesnemighttakein
building ontologiesfor a federationof information sources.
Other than the ontological commitment,a critical issuein
designingontologiesis the scalability of the ontology as
more information sourcesenterthe federation.

— The common ontology approach.

— Oneapproachhasbeento build an extensiveglobal
ontology. A notableexampleof global ontology is
Cyc [LG9Q], consistingof around100,0000bjects.
The mapping betweeneach individual information
resourceand the Cyc global ontology in the Carnot
project[CHS9] is accomplishedby a setof artic-
ulation axiomswhich are usedto map the entities
of aninformationresourceto the conceptsn Cyc’s
existingontology [CHS9].

— Anotherapproachhasbeento exploit the semantics
of asingleproblemdomain(e.g.,transportatiorplan-
ning) [ACHK93]. Thedomainmodelis a declarative
descriptionof the objectsand activities possiblein
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| Land Useand Land Cover Classification (USGS) |

>,

@D\
CCommerial>

T

A classification using a generalization hierarchy

Streams and Canal

| Population Area Classification (US Census Bureau) |

A classification using an aggregation hierarchy

Fig. 3. Exampleof generalizatiorandaggregatiorhierarchiedor ontology
construction

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

— Re-use of existing ontologies. Given our assumption
thattherewill be numeroudnformationsystemspartici-
patingin thefederationijt is unrealisticto expectanyone
existingontologyor classificatiorto suffice. We propose
a re-useof variousexistingclassificationsuchas|SBN
classificatiorfor publications potanicalclassificatiorfor
plants,etc. An exampleof sucha classificationis illus-
tratedin Fig. 3. Theseontologiescanthenbe combined
in differentways and madeavailableto the federation.

— A critical issuein combiningthe variousontologies
is determiningthe overlap betweenthem. One pos-
sibility [Wie94 is two definethe “intersection”and
“mutual exclusion” points betweenthe various on-
tologies. Attempts have beenmadeto usetermino-
logical relationshipsbetweenterms acrossdifferent
ontologiesto representhe intersectionpoints.In the
OBSER/ER system,synonymshave been usedto
representthe intersectionpoints and a proposalto
extendthe systemusing hyponymsand hypernyms
hasbeenpresentedn [MKIS96].

— Anotherapproachhasbeenadoptedin [MS95. The
types determinedto be similar by a sharing advi-
sor are classifiedinto a collection called concept A
concepthierarchy is thus generatednodelingsuper-
concept-subconcepelationships.Thesetypes may
be from different databasesnd their similarity or
dissimilarity is basedon heuristicswith userinput as
required.

4 A semantictaxonomy

Our emphasisis on identifying semanticsimilarity even
when the objects have significant representationatliffer-
enceq She9l. Semantic proximity is an attempt to character-
ize the degree of semantic similarity between two objects us-
ing the RWS. It providesa qualitativemeasureo distinguish

betweenthe termsintroducedin [She9], suchas semantic
equivalence semanticrelationship semanticrelevanceand
semanticresemblanceTwo objectscan be semanticallyre-
latedin one of the abovefour ways. Semanticequivalence
is semanticallycloserthansemanticrelationship,andso on.

In this section,we use the conceptof semanticprox-
imity definedin Sect.2 andthe contextrepresentatiomlis-
cussedaboveto define a semantictaxonomyconsistingof
the varioustypes of semanticsimilarities betweenobjects.
The taxonomythus designeds illustratedin Fig. 5.

4.1 Therole of contextin semanticclassification

The context,which is the pivot on which the semantigrox-
imity dependsplaysa key role in this taxonomy.Here we
enumeratahe possiblevaluesfor context.

— ALL, i.e., the semPro betweenthe objectsis being de-
fined with respecto all knownandcoheentcomparison
contexts.Thereshouldbe coherencéetweerthe defini-
tion contextsof the objectsbeingcomparecandbetween
the definition contextsandthe contextof comparison.

— SOME, i.e., the semPro betweenthe objectsis being
definedwith respecto somecontext. This contextmay
be constructedn 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)* of the con-
texts of the two objectsis taken. Typically, we are
interestedn the lub of the definition contextsof the
two objectswhen there does not exist an abstrac-
tion/mappingbetweentheir domainsin the context
of comparison.

— SUB-CONTEXTSwe mightbeinterestedn thesemPro
betweentwo objectsin contextswhich aremore specific
or more generalwith respecto the contextof compari-
son.

— NONE, i.e., there doesnot exist a contextin which a
meaningfulabstractioror mappingbetweernthe domains
of the objectsmay be defined.This is the casewhenthe
definition contextsof the objectsbeingcomparedarenot
coheentwith eachother.

4.2 Semanticeequivalence

This is the strongestmeasureof semanticproximity two

objectscanhave.Two objectsaredefinedto be semantically
equivalentwhen they representhe samereal-world entity

or concept.Expressedn our model,it meanghatgiventwo

objectsO; andO,, it shouldbe possibleto defineatotal 1-1

value mappingbetweenthe domainsof thesetwo objectsin

any known and coherentcontext. Thuswe canwrite it as:

4 We havenotdefinedit for thegenerakase Here,we areonly interested
in the specialcase:
(Ck, Vi U V') € lub(Cntxt, Cnixt)
whereCy, = C'; € overlap(Cntxt, Cnixty)



semPro(@, O,)

= <ALL, total 1-1 value mapping,(D1, D,), _>°.

The notion of equivalencedescribedabovedependson the
definition of the domainsof the objectsand can be more
specificallycalleddomainsemantiequivalenceWe canalso
define a strongernotion of semanticequivalencebetween
two objects,which incorporatesthe state of the databases
to which the two objectsbelong.This equivalences called
statesemanticequivalenceandis definedas:

semPro(@, O,) = <ALL, M, (D1, D), (S1, &) >,
whereM is atotal 1-1 value mappingbetween(D;, S;) and

For the purposeof this paperwe shall usesemanticequiv-
alenceto meandomainsemanticequivalence.

4.3 Semantiaelationship

This type of semanticsimilarity is weakerthan semantic
equivalenceTwo objectsaresaidto be semanticallyrelated
when there exists a partial many-onevalue mapping,or a

generalizationor aggregationabstractionbetweenthe do-

mains of the two objects.Here, we relax the requirement
of a 1-1 mappingin a way that, given an instanceO,, we

can identify an instanceof O,, but not vice versa.The re-

guirementthat the mappingbe definablein all the known

and coherentcontextsis not relaxed.Thus, we define the

semanticaelationshipas:

semPro(@, O,) = <ALL, M, (Dy, D), >,
whereM may be a partial many-onevalue mapping,gener-
alization, or aggregation

4.4 Semantiaelevance

We considertwo objectsto be semanticallyrelevantif they
canbe relatedto eachotherusingsomeabstractionin some
context Thusthe notion of semantiaelevancebetweentwo
objectsis context-dependent,e., two objectsmay be se-
mantically relevantin one context, but not so in another.
Objectscanbe relatedto eachotherusingany abstraction.

semPro(Q@, O,) = <SOME, ANY, (D1, D2), >

4.5 Semantiacesemblance

This is the weakestmeasureof semanticproximity, which
might be usefulin certaincasesHere,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 orderto expresghis
type of semanticsimilarity, we introducean aspectof con-
text, which we call role, by extendingthe conceptof role
definedin [EN8Y. Semanticesemblancés definedin detail
in the next section.

5 We usethe“_” signto denote“don’t care”.
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Employes Rolel

Name

Role2

Employee
Number

CONTEXTS

OBJECTS

Rolel = role-of(EmployeeName, Databasel) = | dentifier
Role2 = role-of(EmployeeNumber, Database2) = I dentifier
EmployeeName in Databasel.ldentifier
EmployeeNumber in Database2.| dentifier

Thus, Rolel = Role2

Fig. 4. Rolesplayedby objectsin their contexts

4.5.1Role playedby an objectin a context

This refersto the relationshipbetweenan object and the
semanticcontextto which it belongs.We characterizethis
relationshipas a binary function, which hasthe objectand
its contextasthe agumentsandthe nameof the role asthe
value.

role-of : object x context— rolename

The mappingdefinedabovemay be multivalued,asit is pos-
siblefor anobjectto havemultiple rolesin the samecontext.

Basedontherepresentationf acontextproposedn Sect.3.2,
we canexpresshis by constructingthe lub of the contexts.
Considerthe type Number and the type Name definedin
the databases.

Cger(Databasely <(Class,{Employee,... })
(Identifier, {Name,...})>
Cger(Database2§ <(Class,{Employee,... })
(Identifier, {Number,...})>
lub(Cye¢ (Databasel)C,.r(Database?))
= <(Class,{Employeg, Employeg, ...})
(Identifier, {Name,Number,... })>
Thusrole-of(Name,C,. r(Databasel))
= role-of(Number,C,. s (Database2)F Identifier
SinceName,Numbere Identifier
A ldentifier € lub(Cy. r(Databasel)Cq. s (Database?2))

This is illustratedin Fig. 4.
4.5.2 Rolesand semanticresemblance

Whenevertwo objectscannotbe relatedto eachother by
any abstractionin any context,but they are associatedvith
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Semantic Proximity | Context, Abstraction

Similar[Context = SOME,

- Dissimilar[Context = NONE,
Abstraction = NONE]

Abstraction = NEG]

Semantic Resemblance Semantic Incompatibility

Context = SAME,
Abstraction = SOME

Abstraction = SOME
Context = ALL

Semantic Relevance

Semantic Relationship

Abstraction = Total
1-1 value mapping

Semantic Equivalence

Fig. 5. Semanticclassificationof objectsimilarities

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

semPro(@, O,) = <SOME(LUB), NONE, (Dy, Dy), _>,
wherecoherent(Ge £ (01),Cye £ (O2)) and3Cntxty,Cnixb ex-
portedby DB;,DB,, respectively

and SOME(LUB) denotesa contextdefinedas follows:
context= lub(Cntxt, Cntxt) andD; # D,

androle-of(Oy, context)= role-of(Q,, context)

4.6 Semantidncompatibility

While all the qualitative proximity measureslefinedabove
describesemanticsimilarity, semanticincompatibility as-
sertssemantiadissimilarity. Lack of any semanticsimilarity
does not automaticallyimply that the objects are seman-
tically incompatible.Establishingsemanticincompatibility
requiresassertinghat the definition contextsof the two ob-
jectsareincoheent with respecto eachotherandtheredo
not exist contextsassociatedwith theseobjects such that
they havethe samerole.

semPro(®@, O;) = <NONE, NONE, (D4, D), >
whereCyg.#(01) andCy, £ (Oy) areincoherentith eachother
andD; may or may not be equalto D,

and A contextsuchthat

role-of(Oy, context)= role-of(0,, context)

5 Schematicheterogeneitiesin multidatabases

In this section,we dealwith a broadclassof schematidif-
ferencesandthe possiblesemanticsimilarities betweenob-
jects having schematicdifferenceq SK92. With eachtype
of schematidifference we enumeratéhe possiblesemantic

Domain Definition Incompatibility ‘
/ Entity Definition Incompatibility ‘
ﬂ Data Value Incompatibility

Abstraction Level Incompatibility ‘

Incompatibility

Schematic Discrepancy ‘

Fig. 6. Schematicheterogeneities

proximity descriptors.The broad classesof schematichet-
erogeneitiesve aredealingwith are:domainincompatibility,

entity definitionincompatibility, data value incompatibility;
abstractionlevel incompatibility and schematicdiscrepan-
cies(Fig. 6). While the issuesof schematic/representational
[structuralheterogeneitthave beendealt with by a number
of researcherfDH84, BOT86 CRE87 KLK91, KS97], the

uniquefeatureof our work is the strongcorrelationbetween
thesemantiaspectslefinedaboveandthe structuralaspects.

5.1 Domainincompatibility

In this section,we discussthe incompatibilitiesthat arise
whentwo differentdomaintypesare usedas differentdefi-
nitions of semanticallysimilar attribute domains.We refine
thebroaddefinitionof thisincompatibilitygivenin [CRES87.

We alsodiscussthe possiblesemanticsimilaritieswith each
case(Fig. 7).

5.1.1Namingconflicts

Two attributesthat are semanticallyalike might havediffer-
entnames.They are known as synonyms
Example.Considertwo databasebavingthe relations:

STUDENT( | d#, Nanme, Address)
TEACHER( SS#, Nane, Address)

| d# of STUDENT and SS# of TEACHER are
synonynmns.

Mappingsbetweensynonymscan often be establishedvith
respectto all known and coherentcontexts.In such cases,
thetwo domaintypesmay be consideredemanticallyequiv-
alent

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

STUDENT( | d#, Nanme, Address)
BOOK( | d#, Name, Aut hor)
| d# of STUDENT and BOOK are honmonyns.



The definition contextsof the two domaintypes(which are
definedin two differentdatabasesjnay be modeledas fol-
lows:

Ci.f(STUDENT.Id#)= <(identifies,AnimateObject)
Ca.r(BOOK.Id#) = <(identifies,InAnimateObject)

The conceptsAnimateObjectand InAnimateObjectare ob-
tainedfrom an ontology for the domain.

Sincehomonymsare semanticallyunrelatedtheir definition
contextsare modeledin a way thatthey areincoheentwith
respecto eachother. Thus,thesetwo domaintypesmay be
consideredsemanticallyincompatible

5.1.2 Datarepresentatiomonflicts

Two attributesthat are semanticallysimilar might havedif-
ferentdatatypesor representations.

Example.

STUDENT. | d# is defined as a 9-digit
i nt eger.

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

Conversionmappingsor routines betweendifferent data
representationsan often be establishedwith respectto all
known and coherentcontexts.In suchcasesthesedomain
typesmay be consideredsemanticallyequivalent

5.1.3Datascalingconflicts

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

Typically, mappingsbetweendatarepresentedh differ-
ent scalescan be easily expressedn 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

5.1.4 Dataprecisionconflicts

Two attributesthat are semanticallysimilar might be repre-
sentedusingdifferentprecisions.This caseis differentfrom
the previouscase,becausehere may not be 1-1 mapping
betweenthe valuesof the domains.Theremay be a many-
onemappingfrom the domainof the preciseattributeto the
domainof the coarserattribute.

Example.

Let the attributeMarks haveanintegervaluefrom 1 to 100.
Let the attribute Gradeshavethe values{A, B, C, D, F}.
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Table 2. Mapping betweenmarksand grades

Marks
81-100
61-80
41-60
21-40
1-20

Grades

MO0 wW>

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

5.1.5Default value conflicts

This type of conflict dependsn the definition of the domain
of the concernedattributes.The defaultvalue of an attribute
is that value which it is definedto havein the absenceof
more information about the real world. For instance,the
default value for age of an adult might be definedas 18
yearsin one databasendas 21 yearsin another.

It may not be possibleto specify mappingsbetweena
defaultvalueof oneattributeto the defaultvalue of another
in all knownandcoherentontextsHowever,it is oftenpos-
sible to do so with respectto somecontext.In suchcases,
the domaintypescanbe consideredo be semanticallyrele-
vant i.e., their semantigroximity canbe definedasfollows:

semPro(Age Age;) = <SOME, Abstraction,(Dy, Dy), >
Context= <(default, DefaultAge)>,

where the conceptDefaultAge is obtainedfrom an ontol-
ogy for the domain.Whenthe semPrais evaluatedwith re-
spectto the context,it mapsto differentagesin the different
databases.

5.1.6 Attribute integrity constraintconflicts

Two semanticallysimilar attributesmight be restrictedby
constraintswhich might not be consistentwith eachother.
For instancejn differentdatabaseghe attribute Age might
follow theseconstraints:

Example.

Cl:Age <18

C2: Age, > 21

C1 and C2 are inconsistentand hencethe integrity con-
straintson the attribute Salaryare saidto conflict.

If the constraintsare capturedin the definition contextsof

the domaintypes of Age; and Age, then they would be

incoherentand can be consideredsemanticallyincompati-
ble. However,in the casethesetypesare playing the same
role in the definition contextsof their respectivelatabasem

which they exist,they may be consideredo havea semantic
resemblancéo eachother.
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]
Naming Conflicts (Semantic Equivalence)
Homonyms

(Semantic
Incompatibility)

Data Representation Conflicts

(Semantic Equivalence)

‘ Data Scaling Conflicts ‘ (Semantic Equivalence)
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Cics(Databasg) = <(timePeriod,{Age, Duration,...})>,
Cg.r(Databasg = <(timePeriod,

{Age, RacePerformance..})>,
where Age;, Age; denotethe attribute Age in Databasg
Databasg respectively
semPro(Age, Age)
= <SOME(LUB), NONE, (D3, D), _>,
where SOME(LUB) denotesa contextdefinedasfollows:
wherecontext= lub(Cy. s(Databasg), Cq. r(Databasg))
andD; # D,
androle-of(Age, context)= role-of(Age, context)

= timePeriod.

5.2 Entity definitionincompatibility

In this section,we discussheincompatibilitiesthatarisebe-
tweentwo objectswhentheentity descriptoraisedby theob-
jectsareonly partially compatible evenwhenthe sametype
of entity is beingmodeled We refinethe broaddefinition of
this classof conflictsgivenin [CRE87. We alsodiscusshe
possiblesemanticsimilarities with eachcase(Fig. 8).

5.2.1 Databasedentifier conflicts
In this case,the entity descriptionsin two databasesare

incompatible,becausethey use identifier recordsthat are
semanticallydifferent.

Example.
STUDENT1( SS#, Course, G ades)
STUDENT2( Nane, Course, G ades)

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

The semanticproximity of objectshaving this kind of con-
flict depend®nwhetherit is possibleto defineanabstraction
to mapthe keysin onedatabasa¢o another However,if we

assumethat the context(s)of the identifiers are definedin

the local schemaswe know that they play the role of iden-
tification in their respectivecontexts.Hence, the weakest
possiblemeasureof semanticresemblancepplies,though
strongermeasuresnight apply too.

semPro(SS#iName)= <SOME(LUB), _, (D3, D), >,
whereD; = Domain(SS#)andD, = Domain(Name)
andwhereSS#andNameexistin DatabaseandDatabasg
respectively

Cqcs(Databasg) = <(Class,{STUDENTL,... })
(Identifier, {SS#,...})>
Cgcr(Databasg) = <(Class,{STUDENTZ2,... })
(Identifier, {Name,...})>
and SOME(LUB) denotesa contextdefinedasfollows:

andcontext= lub(C,. s (Databasg), C,.s(Databasg)
androle-of(SS#,context)= role-of(Name,context)
= Identifiers

5.2.2Namingconflicts

Semanticallyalike entities might be nameddifferently in
differentdatabased-or instance EMPLOYEE and WORK-
ERSmight betwo objectsdescribingthe samesetof entities.
They areknown as synonymsTypically, mappingsbetween
synonymscanoften be establishedvith respecto all known
andcoherentontextsin suchcasestheobjectsmaybecon-
sideredsemanticallyequivalent

On the otherhand,semanticallyunrelatedentitiesmight
have the samenamein different databasesFor instance,
TICKETS might be the nameof a relation which models
movie ticketsin one databasewhereast might modeltraf-
fic violation ticketsin anotherdatabaseThey are known as
homonym®f eachother.In a mannersimilar to thatdemon-
stratedin Sect.5.1.1,their definition contextscan be mod-
eledin a way that they are incoherentwith respectto each
other. Thus, theseobjectsmay be consideredsemantically
incompatible

5.2.3 Schemasomorphismconflicts

Semanticallysimilar entitiesmay have different numberof
attributes,giving rise to schemasomorphismconflicts.
Example.

| NSTRUCTOR1( SS#, HonePhone,
| NSTRUCTOR2( SS#, Phone)
is an exanpl e of schema non-i sonorphi sm

O f Phone)

It shouldbe notedthat this can be consideredan artifact of
the data precisionconflictsidentified in Sect.5.1.4 of this
paper,asthe phonenumberof INSTRUCTOR1 canbe con-
sideredto be representeih a more precisemannerthanthe
phonenumberof INSTRUCTOR2. However, the conflicts
discussedn section5.1.4 are dueto the differencesin the
domainsof the attributesrepresentindhe sameinformation
andhenceare attribute level conflicts Whereasgonflictsin
this sectionarisedue to differencesin the way the entities



INSTRUCTOR1andINSTRUCTOR2aredefinedin thetwo

databaseandhenceare entity level conflicts
Sincemappingscan be establishedetweenthe objects

on the basisof the commonand identifying attributes,the

two objectsmay be consideredsemanticallyrelated

semPro(Instructar Instructop)

= <AL|_, {MIDiMl}v({Dl,SS#l DHomePhonev DOffPhone}a

{D2,ss# DPhonel}), ->,

whereM;p is atotal 1-1 valuemappingbetweerD, s g4 and

D, ss# and representshe mappingbetweenthe identifiers

of the two objects.

M1 may be a total/partial 1-1/many-onevalue mappingbe-

tweenD g omePhoneU DOffPhone and Dprhone-

5.2.4Missing dataitem conflicts

This conflict ariseswhen, of the entity descriptorsmodel-

ing semanticallysimilar entities,onehasa missingattribute.

This type of conflict is subsumedy the conflict discussed
in the previoussection.A specialcaseof the aboveconflict

which satisfiesthe following conditions:

— the missingattributeis compatiblewith the entity, and
— thereexistsaninferencemechanismo deducethe value
of the attribute.

Example.

STUDENT( SS#, Name, Type)

GRAD- STUDENT( SS#, Nane)
STUDENT. Type can have val ues "UG'

or "G ad"
GRAD- STUDENT does not have a type
attribute, but that can be inplicitly
deduced to be "G ad".

In the above example, GRAD-STUDENT can be thought
to havea type attributewhosedefaultvalueis “Grad”. The
conflict discussedn this sectionis differentfrom the default
valueconflictin Sect.5.1.5,which is an attributelevel con-
flict, whereasthe conflict discussechereis an entity level
conflict The objectsmay be consideredsemanticallyrele-
vant, asproposedbelow.

The definition contextsof the two objectscan be defined
as:

Cic(STUDENT) = <(type, {graduateundegraduatg)>,
Ci.;(GRAD-STUDENT) = <(type, {graduaté)>

Thecontextin whichsemPro(STUDENTGRAD-STUDENT)
will be definedas:

gIb(Cyer(STUDENT), Cye r (GRAD-STUDENT))

= <(type, {graduaté)>

Theabstractioris thencomputedoy “conditioning” the orig-
inal studentabstractionwith respectto this new context.
Since every abstraction/mappings associatedvith a con-
text, the changein the abstractioras a resultof the change
in the associatedcontextis called conditioningand is dis-
cussedn detailin [KS95H.

semPro(STUDENTGRAD-STUDENT)
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= <SOME, M, (D3, D), >,

whereM: STUDENT — GRAD-STUDENT s a partial 1-1
value mapping

and Context= SOME = <(type, {graduaté)>

5.3 Data valueincompatibility

This class of conflicts covers those incompatibilities that
arise due to the values of the data presentin different
database$BOT86q. Theseconflicts are different from de-
fault value conflicts (Sect.5.1.5)andattributeintegrity con-
straintconflicts (Sect.5.1.6)in that the latter are dueto the
differencedn the definitionsof the domaintypesof the at-
tributes.Here,we referto the datavaluesalreadyexistingin
thedatabaseThus,the conflictsheredependon the database
state.Sincewe aredealingwith independentlatabasest is
not necessarythat the datavaluesfor the sameentitiesin
two different databasebe consistentwith eachother. We
alsodiscusghe possiblesemanticsimilaritieswith eachcase

(Fig. 9).
Example.

Consi der two dat abases nodeling the
entity Ship

SHI P1( | d#, Name, Weight)

SHI P2( | d#, Name, Weight)

Consider a entity represented in both
dat abases as fol |l ows:

SHI P1(123, USSEnterprise, 100)

SHI P2(123, USSEnterprise, 200)
Thus, we have the sane entity for which
SHI P1. Wi ght is not the sane as
SH P2. Wi ght, i.e., it has inconsistent
val ues in the database.

5.3.1Known inconsistency

In this type of conflict, the causeof inconsistencyis known
aheadof time andhencemeasuresanbeinitiatedto resolve
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theinconsistencyn thedatavalues.Forinstancejt mightbe
known aheadof time thatonedatabasés morereliablethan
the other. This information can typically be representedn
the querycontextC,. Here,the similarity of objectsdepends
on the statecomponenbf semProandare henceconsidered
statesemanticallyrelevant
C, = <(class,SHIP) (dataltem {ld#})
(choose-from{DB1})>

semPro(@, Oy) = <C,, M, (D1, Dp), (S1, S2)>,
whereM is atotal 1-1 value mappingbetween(D4, S;) and
(D2, ) (In this casethe defaultis (D1, $1)).

5.3.2Temporalinconsistency

In this type of conflict, the inconsistencyis of a temporary
nature.This type of conflict hasbeenidentifiedin [RSK9]
andhasbeenexpresse@satemporalconsistencyredicaté.
Oneof thedatabasewhich hasconflictingvaluesmighthave
obsoletanformation.This meanghatthe informationstored
in the databaseis time-dependenfThetime lag information
(At) canbe easilyrepresentedn the query contextC, and
hencethe objectsmay be consideredstatesemanticallyrel-
evant The semProwhen evaluatedwith respectto context
givesthe mappingdefinedbelow.

C, = <(class,SHIP) (dataltem {Weight}) (timeLag, At)>

semPro(Q, O,)
=<C,, total 1-1 value mapping,(D1, D2), (S1, $2)>
whereS,(t + At) = Sy(t).

5.3.3Acceptableinconsistency

In this type of conflict, the inconsistenciesetweenval-
uesfrom differentdatabasesight be within an acceptable
range.Thus,dependingn thetype of querybeinganswered,
the error in the valuesof two inconsistentdatabasesnight
be consideredolerable.The toleranceof the inconsistency
can be of a numericalor non-numericalhatureand can be
easily representedn the query contextC,, and hencethe
objectsmay be consideredstatesemanticallyrelevant

Example.Numericalinconsistency

QUERY: Find the tax bracketof an employee.

INCONSISTENCY:If the inconsistencyin the value of an

employeeincomeis up to a fraction of a dollar it may be

ignored.

C, = <(class,EMPLOYEE) (dataltem,{Salary})
(eps\alue, [0, 0.99])>,

whereeps\alueis a contextualcoordinatewhich modelsthe

level of inconsistencythat can be toleratedfor the query.

Example.Non-numericalinconsistency

QUERY: Find the stateof residenceof an employee.
INCONSISTENCY:If the employeeis recordedas staying
in Edison and New Brunswick (both are in New Jersey),
thenagainthe inconsistencymay be ignored.

6 Additional informationon weakercriteriafor consistencycanbe found
in the literatureon transactiormodels(e.g.,see[SRK93).

Known Inconsistency

(State Semantic Relevance)

Data Value I ncompatibility

(State Semantic Relevance)
\ Acceptable Inconsistency ‘

(State Semantic Relevance)

‘ Temporal Inconsistency ‘

Fig. 9. Datavalueincompatibilitiesand the likely typesof semanticprox-
imities

C, = <(class,EMPLOYEE)dataltem {Residencg)
(eps\alue,sameState)

semPro(Q, Oy)

=<C,, partial many-onevalue mapping,(D1, D2), (S1, $)>,
where perturb(3,¢) = S, and e is the discrepancyin the
stateof the two objects.

5.4 Abstractionlevelincompatibility

This classof conflicts wasfirst discussedn [DH84] in the
contextof thefunctionaldatamodel. Theseincompatibilities
arisewhentwo semanticallysimilar entitiesarerepresented
at differing levels of abstractionDifferencesin abstraction
canarisedueto the differentlevelsof generalityat which an
entity is representeth the databaseThey canalsoarisedue
to aggregatiorusedboth at the entity aswell asthe attribute
level. We alsodiscusghe possiblesemanticsimilaritieswith
eachcase(Fig. 10).

5.4.1 Generalizatiorconflicts

Theseconflicts arise when two entities are representedht
differentlevelsof generalizatiorin two differentdatabases.

Example.

Consider the entity "G aduate Students”

whi ch may be represented in two

di fferent databases as foll ows:
STUDENT( | d#, Nane, Major, Type)
GRAD- STUDENT( | d#, Nane, Mj or)

Thus, we have the sane entity set

bei ng defined at a nore general |evel

in the first database.

The definition contextsof the two objectscanbe definedas:
Cier(STUDENT) = <(type, {graduate undegraduaté)>
Cicr(GRAD-STUDENT) = <(type, {graduaté)>
Thecontextin whichsemPro(STUDENTGRAD-STUDENT)
is definedis given by:

glb(Cye;(STUDENT), C4. ;(GRAD-STUDENT))

= <(type, {graduaté)>

Theabstractionis thencomputedoy “conditioning” the orig-
inal studentabstractionwith respectto this new context.
Thus, STUDENT and GRAD-STUDENT may be consid-
eredsemanticallyrelevant
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semPro(STUDENTGRAD-STUDENT)

= <SOME, M, (Dy, Dy), >

whereM: STUDENT — GRAD-STUDENT s a partial 1-1
value mapping

andContext= SOME = <(type, {graduaté)>

5.4.2 Aggregationconflicts

Theseconflicts arise when an aggregationis usedin one
databaseo identify a set of entitiesin anotherdatabase.
Also, the propertiesof the aggregateeonceptcanbe an ag-
gregateof the correspondingpropertyof the setof entities.

Example.

Consi der the aggregation SET-OF which is
used to define a concept in the first
dat abase and the set of entities in
anot her dat abase as foll ows:
CONVOY( | d#, AvgWei ght, Location)
SHI P( 1 d#, Weight, Location, Captain)
Thus, CONVOY in the first database is a
SET-OF SHI Ps in the second dat abase.
Al so, CONVOY. AvgWei ght is the average
(aggregate function) of SH P. Wi ght
of ships that are nmenbers of the convoy.

In this case,thereis a mappingin only one direction,i.e.,
an elementof a setis mappedto the setitself. In the other
direction,the mappingis not precise Whenthe SHIP entity
is known, one canidentify the CONVOY entity it belongs
to, but notvice versa.Also, theaggregatiortanbe expressed
in the definition contextof CONVOY usingthe composition
of contextualcoordinatesas follows:

Cac(CONVOY)

= <(member,SHIP) (weight, ...) (location,...)>,
Cacf(SHIP) = <(shipweight,...) (shiplocation,...)>,
whereweight = average(shipweight) and shiplocation = loca-
tion arerelationshipsetweerthe variouscontextualcoordi-
natesobtainedfrom the ontology of the domain.

context= glb(Cy. s (CONVQY), Cy.r(SHIP))

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

Thus, CONVOY and SHIP maybeconsideredsemantically
relevant
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5.5 Schematidiscrepancies

This classof conflictswasdiscussed [DAODT85, KLK91].
It was notedthat theseconflicts can take place within the
samedatamodel and arisewhen datain one databaseor-
respondo meta-dataf anotherdatabaseThis classof con-
flicts is similar to that discussedn Sect.5.3 whenthe con-
flicts dependnthedatabasstate We now analyzethe prob-
lem andidentify threeaspectsvith help of anexamplegiven
in [KLK91]. We alsodiscussthe possiblesemanticsimilar-
ities with eachcase(Fig. 11).

Example.Considerthree stock databasesAll contain the
closingprice for eachday of eachstockin the stockmarket.
The schematdor the threedatabaseare asfollows:

— DatabaseDB1 :

relationr : {(date,stkCode clsPrice)... }
— DatabaseDB?2 :

relationr : {(date,stkl,stk2,...) ... }
— DatabaseDB3 :

relationstkl: {(date,clsPrice)... },
relationstk2: {(date,clsPrice)... },

DB1 consistsof a single relation that has a tuple per day
per stockwith its closing price. DB2 alsohasa singlerela-
tion, but with oneattributeper stock,andonetuple perday,
wherethe value of the attributeis the closing price of the
stock.DB3 has,in contrastonerelationper stockthathasa
tuple per day with its closing price. Let us considerthat the
stkCodevaluesin DB1 arethe namesof the attributes,and
in the otherdatabaseshey are the namesof relations(e.g.,
stkl, stk2).

5.5.1 Datavalue attributeconflict

This conflict ariseswhen the value of an attributein one
databasecorrespondgto 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,stk? ... in the databasé>B2.

The mappingshere are establishebetweensetsof at-
tributes ({O; }) andvaluesin the extensionof the other at-
tribute (O,). This is possible,howeveronly with respecto
the contextsof the databaseshey are in. The two objects
modeldataat differentlevelsand hencemay be considered
to be meta-semanticallyelevantandtheir semantigproxim-
ity canbe definedasfollows:

semPro{0O;}, O,) = <context,M, (D1, D), (S1, S2)>,

wherecontext= glb(Cy. s (DB1), C4. r(DB2))
andM is atotal 1-1 mappingbetween{O;} andS;.

5.5.2 Attribute entity conflict

This conflict ariseswhenthe sameentity is being modeled
as an attribute in one databaseand a relation in another
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databaseThis kind of conflictis differentfrom the conflicts
definedin the previousand next subsectionsbecausét de-
pendson the databaseschemandnot on the databasestate
It canalsobe consideredisa partof the entity definitionin-
compatibility (Sect.5.2). Referringto the exampledescribed
in the beginningof this section the attributestk1,stk2in the
databaseDB2 correspondo relationsof the samenamein
the databasé>B3.

ObjectsO; and O, canbe consideredsemanticallyrele-
vant, as1-1 value mappingscanbe establishedetweenthe
domainsof the attribute (O;) andthe domainof the identi-
fying attributeof the entity (O,). It shouldbe notedthat O,
is anattribute(property)andO; is an entity (class)andtheir
definition contextsare neededto determinethe identifying
attributeof the entity (O,).

semPro(@, O,)

= <context,total 1-1 value mapping,(Dy, D), >
wherecontext= glb(Cy. r(DB2), C4.r(DB3))

andD; = Domain(Q) and D, = Domain(ldentifier(Q)).

5.5.3Datavalue entity conflict

This conflict ariseswhen the value of an attributein one
databaseorrespondso arelationin anotherdatabaseThus,
thiskind of conflict depend®n the databasestate Referring
to theexampledescribedn the beginningof this section the
valuesof the attribute stkCodein the databasédB1 corre-
spondto the relationsstk1,stk2in the databaséB3.

The mappingshere are establisheetweenset of enti-
ties ({O;}) andvaluesin the extensionof an attribute (O5).
Thisis possible howeveronly with respecto the contextsof
the databasetheyarein. Thus,the two objectsmay be con-
sideredto be meta-semanticallyelevantand their semantic
proximity can be definedasfollows:

semPro{0O;}, O,) = <context,M, (D1, Dy), (S1, S)>,
wherecontext= glb(C,.s(DB1), C4.r(DB2))
andM is atotal 1-1 mappingbetween{O;} andS,.

6 Structural similarity: a component
of semantic similarity

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

similaritiesbetweenobjects.Theseareassociationbetween
objectsandtypesdefinedin the variousdatabaseandcanbe

expressedising operationsfrom a modified objectalgebra.
The schemacorrespondenceso definedarea part of the se-
mantic proximity betweenthe two objectsor typesandare
dependenbn the contextin which the semantigroximity is

defined.Projection rules which definethe relationshipbe-

tweenschemacorrespondencesnd semanticproximity are
alsodiscussed.

6.1 Schemaorrespondences uniform formalismfor
representatiorof abstraction

We proposea uniform formalismto representhe mappings
which are generatedo representhe structuralsimilarities
betweenobjects having schematicconflicts and some se-
mantic affinity. This formalism is a generalizationof the
conceptof connectorsusedto augmenthe relationalmodel
in [CRES87.

Given two objectsO; and O,, the schemacorrespondence
betweenthem canbe representeds

schCor(0;,0,) = <04,attr(01),0;,attr(0 2),M>.

— O; and O, are objectsin the model world. They are
representation®r intensionaldefinitions in the model
world. They may correspondo classdefinitionsor type
definitionsin a database.

— The objectsenumeratecabove may model information
at any level of representatiorfsuchas the entity or the
attributelevel). If anobjectO; modelsinformationatthe
entity level, then attr(Q;) denotesthe representatiorof
the attributesof O;. If O; modelsobjectsat the attribute
level, thenattr(Q;) is an empty set.

— M is a mapping(possibly higher order) expressinghe
correspondencdsetweerobjects their attributesandthe
valuesof the objects/attributes\We use object algebra
operationsenumeratedyelow.

6.1.1A brief introductionto a limited objectalgebra

Objectsare consideredhscollectionsof instancesvhich are
homogeneousnd have the sametype as the abstractdata
type associatedvith the object. We list a limited setof op-
erationsto manipulateobjectsin a databasetheseare very
similar to thosein object-orienteddatabasditerature (e.g.,
[SZz9Q)’.

OSelect(p,0O)This operationselectsa setof instancef an
object O satisfyinga selectionpredicate p.
OSelect(p,OF {o| 0cO A p(o)}

makeObject(C,S{iven a contextualcoordinateC anda set
S (which may be eithera setof conceptsrom an ontol-
ogy, anobjector a type domain),it definesa new object
with instanceshaving attribute C and a value from the
setS asits value.
makeObject(C,S¥ {o| 0.C=sA seS}

7 When defining and using theseoperations performancessuesare ig-
noredin favor of simplicity of description.
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OProduct(Q,0,) Giventwo objectsO; and O,, a new ob-
ject is createdwhich hasthe attributesof both O;, and
O, andfor everytuple of valuesin O; hasall thetuples
of valuesin O, associatedvith it.

OProduct(@,0,) = {0] (0.A;=01.A; A A; €attr(Or) A

01 € Op) V (0.A;=0.A; A A; cattr(Gy) A 0 €0y)}
0OJoin(p,Q,0,) This canbe thoughtof asa specialcaseof

the operationOProduct,.exceptthatthe instanceshould

satisfythe predicatep.

0Join(p,Q,0;) = {0| 0cOProduct(Q,0,) A p(o)}

6.1.2 Schemacorrespondenceand context

EachinformationsystemexportsfederationobjectsOg cor-

respondingo the objectsO it managesThe objectsOy are
obtainedby applyingthe constraintsn the definition context
Cqc£(O) to theobjectO. Theuseratthefederatiorlevel sees
only thefederationobjects.The contextualkcoordinatesC; of

the C4.¢(O) actastheattributesof Or. The exportedobjects
Or areassociatedvith the objectsandtypesdefinedin the

databaseThis associatiormight beimplementedn different
ways by variouscomponensystemsWe useschemecorre-
spondence$o expressheseassociationsThis is illustrated
in Fig. 12

SChCOf(OF,O) = <OF,{Ci| C; e Cdef(O)},O,attr(O),M >

— Or is the exportedfederationobject of an object O or
type T definedin the database.

— The attributesof the objectOr arethe contextualcoor-
dinatesof the definition contextCy. s (O).

— The mappingoperationmapy(C;,A;) storesthe associ-
ation betweencontextualcoordinateC,; and attributeA;
of objectO wheneverthereexistsone.

— The mappingM betweenOr and O can be evaluated
using the projectionrules enumeratedind illustratedin
Sect.6.2.

6.2 Schemaorrespondencegrojectionof semPo with
respecto context

We discussedn Sect.3.1 how representingstructuralsimi-

laritiesis not enoughto capturesemanticsimilarity between
two objects.However,for any meaningfuloperationto be

performedon the computer the semProdescriptorbetween
two objectshasto be mappedio a mathematicakxpression
which would essentiallyexpressthe structural correspon-
dencebetweentwo objects. Our approachconsistsof the

following threeaspects:
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The semanticaspect: The semProdescriptorcapturesthe
RWS of the datain the databasehrough contextand
includesintensionaldescriptionsof:

— objectsandtheir attributes

— therelationshipsbetweenvariousobjects

— theimplicit assumptionsn the designof the objects
— theconstraintsvhich the objectsandattributessatisfy

The federationobjects are objects obtainedby apply-
ing the constraintsn the intensionaldescriptionsto the
databasebjects.

The data organization aspect: This refersto the actualor-
ganizationof the datain the databasese.g., the tables
andviewsin arelationaldatabasegr the classhierarchy
in object-orientecddatabases.

The mapping/abstraction aspect: The schCor descriptor,
as definedearlier, capturesthe associatiorbetweenthe
federationobjectsand the databas@bjects.The associ-
ation usesobject algebraicoperationsto expresscorre-
spondencebetweernthe federationandthe databaseb-
jects. The evaluationof theseassociationsesultsin the
retrievalof databas@bjectswhich satisfythe constraints
specifiedin the context.

The mappingaspectcan be succinctlyexpresseds
SChCOf(OF,O) = HContezt(SemPD(oFao))

In the rest of this section,we explain the mappingaspect
with the help of examples.We first define the terminol-
ogy, operationsandthe projectionrules usedto specifythe
semanticsof the associationsbetweenthe federationand
databas@bijects,followed by exampledllustrating them.

6.2.1Relevantterminologyand projectionrules

We first enumeratethe operationsusedto specify the as-
sociationsbetweenthe exportedfederationobjectsand the

databasebjects.We shall use Cntxt, Cntxy, ... to referto

contextsand C, C4, ... to refer to contextualcoordinates.
01, Oy, ... shall be usedto refer to actualdatabasebjects
wherea), -, Oyp, ... shall be usedto denotetheir counter-
partsexportedto the federation.O’, O”, ... shall be usedto

denotetemporaryobjectsto illustrate eachstep.

The operationsare asfollows:

map, (C,A) The mappingoperationwhich storesthe associ-
ation betweenthe attribute C of the exportedfederation
objectOr (which is essentiallya contextualcoordinate
of the definition contextC,, s (O) choserfrom a domain-
specificontology) andthe attribute A of the objectO.
semConstrain€(C;,V;)>,semPo(0O’,0)) The exportedfed-
erationobjectOr is obtainedby iteratively applyingthe
constraintsn Cg. ¢ (O) to thedatabasebjectO. Thesem-
Constrainoperationmodelsoneiteration,i.e., the appli-
cationof oneconstraintn C,. ¢ (O) to the databasebject
O. Let
- semPro(Of,0) be defined with respecto to Cg.f(O)
- C; be a contextual coordinate of Cg.7(O)
- Cger(0) = glb(<(C;,V;)>,Cntxt) (discussed in
Sect. 3.3)
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- semPro(0’,0) be defined with respecto Cntxt and

- O’ be a temporary object obtained by applying all the
constraints in Cntxt on O;

thenthe federationobjectOr may beiteratively defined
as

semPro(@,0)

= semConstrain{(C;,V,;)>, semPro(0O’,0))

strConstrain(map (C;,A;),S,schCor(O’,0)) strConstrainis

the structuralcounterpartof semConstrainlt mapsthe
attributesof the federationobjectto the attributesof the
databasebject. It also recomputeghe mappingsasso-
ciatedwith schCor(0Q’,0).This is doneby addinga se-
lection conditionto the original mappingasfollows:

Or = OSelect((A €S;),0),

where there exists a mappingbetweenO’ and O from

schCor(0’,0)

semCondition(Cntxt,sem&{iO,0)) In  some cases, a

databaseobject O may be associatedwith another
databaseobject with respectto the context Cntxt The
semConditionoperationmodifies the semanticproxim-
ity descriptorby lifting [Guh9] it into a context(Cntxt)
differentfrom the one (C4.£(O)) in which it is defined
in. This operationcan be definediteratively using the
semConstrairoperation.

Let Cntxt = glb(<(C;,V;)>,Cntxty)

semCondition(Cntxt,semPro¢Q0))

= semConstrain{(C;,V;)>,
semCondition(CntxtsemPro(@,0)))

semCombine(CsemPo(0’,0),semPo(0”,0;)) In some

casesthedefinitioncontextof anobjectO makesexplicit
an associatiorbetweenthe databaseobjectsO and O;.
This associatioris typically with respecto the associa-
tion contextbetweerntwo objectsdenotedasC,,,,(O;,0).
The semCombineperationmodelsthe correlation of in-
formationfrom objectsO andO;, which is thenexported
asa partof the federationobjectOr. Let

- semPro(Of,0) be defined with respecto to Cg.£(O)

- Cdef(o) = glb(<(ci1Oiocass(oivo))>lcntXt)

- semPro(0’,0) is defined with respecto Cnixt

- 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 C,54(0;,0) to O;r;

thenthe semPro(@,0) canbe definedas
semConstrain{(C;,0;0C,;s(0;,0))>,semPro(0’,0))

= semCombine(GsemPro(O’,0),semPro(0O”;§)
wheresemPro(0O”,Q)

= semCondition(G,,(O;,0), semPro(Qr,0;))

strCombine{map, (C;,A;),map, (C;,A’;) },schCor(0’,0),

schCor(0”,Q)) strCombineis the structuralcounterpart
of semCombinelt mapsthe contextualcoordinateC;

to the attributesof the databaseobjectsO and O;. It

correlatesinstancesof the two objects. This resultsin

a join condition usedto combine mappingsassociated
with schCor(O’,0)andschCor(QO”",Q).

Or = 0Join((A=A";),0",0") where there exist map-
pingsbetweerO’ andO from schCor(O’,0)andbetween
0" andO; from schCor(0”",Q)

Projectionrules

We describeherea setof projectionrules which specifythe
semantic®f the projectionoperationdiscussecarlierin this
section.Therulesspecifyanalgebrabasedn the operations
discusse@bove Herewe describehemwith the perspective
of therole theyplay in mappingthe federationobjectsto the
various databaseobjects. A detailed specificationof these
rulesis presentedn the Appendix 1.

Rulel. 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 SimpleSetsRule dealswith the casewhenthe
definition context has simple setsof valuesassociated
with eachcontextualcoordinate.Each contextualcoor-
dinateis also associatedvith an attributeof a database
object. The effect of this rule can be achievedwith re-
peatedapplicationsof Rule3.1 butit is usedto simplify
the evaluationof the projection operation.An example
of applicationof this rule is illustratedin Sect.6.2.2.

Rule3. The exportedfederationobject O is obtainedby
iteratively applyingthe constraintsn the definition con-
text to the databas@bjectO. The SimpleSetConstraint
Ruledealswith the casewherethe constraintsn thecon-
text are appliediteratively to the databasebjects.The
terminationconditionof theiterationis the casewhenthe
contextis empty and is coveredby the Empty Context
Rule This rule dealswith the casewherethe constraint
to be appliedis of the form C € S, whereC is a con-
textualcoordinateandS is a simplesetof symbolsfrom
the ontology. This rule may also be usedto apply an
arbitrary constrainton a federationobject.

Rule3.1. This rule dealswith the casewherethe con-
textual coordinatein the constraintis not presentin
the definition contextin which the semPrais defined
andthereexistsan attributeof a databas®bjectcor-
respondingo that contextualcoordinate.

Rule3.2. This rule dealswith the casewherethe con-
textualcoordinaten the constraintis alreadypresent
in the definition contextandthereexistsan attribute
of a databas@bjectcorrespondingo that contextual
coordinate.

Rule 3.3. Thisrule dealswith the casewherethe contex-
tual coordinatein the constraintis not presentin the
definitioncontextandtheredoesnot existanattribute
of a databas®bjectcorrespondindo thatcontextual
coordinate An exampleof applicationof this rule is
illustratedin Sect.6.2.3.

Rule3.4. This rule dealswith the casewherethe con-
textual coordinatein the constraintis presentin the
definitioncontextandtheredoesnot existanattribute
of a databas@bjectcorrespondingo that contextual
coordinate.

Ruled. In somecasesa databasebject O; may be asso-
ciatedwith anotherdatabasebjectO with respecto an
associatiorcontext.The ContextConditioningRuledeals
with the casewheresemPro(Qr,0O;) is conditionedwith
respecto theassociatiortontext. Thisinvolvesapplying



the constraintsn theassociatiortontextto thefederation

objectO; r.

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 meanghatthe federationobjectO; ¢ is
returnedasit is without modification.

Rule4.2. The ConstraintConditioning Rule dealswith
the casewhenthe constraintan the associatiorcon-
text are appliedto the federationobject O;r itera-
tively. The terminationcondition of this iterationis
whenthe associatiorcontextis emptyandis covered
by the EmptyContextConditioningRule

Rule4.3. The Context Conditioning and semCombine
Ruledealswith the casewhenthe semantigroximity
descriptoris a combinationof two semanticproxim-
ities combinedusingthe semCombineperation.The
semanticof the semCombin&ulearegivenby Rule
5.

Rule5. In somecasesthe definition contextof an objectO
makesexplicit an associatiorbetweenthe databaseb-
jectsO andO;. This associations typically with respect
to the associationcontextbetweentwo objectsdenoted
as C,5(0;,0). The semCombinedRule dealswith this
caseand resultsin the generationand combinationof
two semanticproximities. An exampleof applicationof
this rule is illustratedin Sect.6.2.4.

Rule5.1. Thisrule mapsthe contextuakoordinateo 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 Coordinate CompositionRule dealswith
the specialcasewhere the contextualcoordinatein
the constraintmay be a compositionof two contex-
tual coordinatesEach of the contextualcoordinate
parts may or may not be mappedinto attributesof
databasebjects.An exampleof applicationof this
rule is presentedn Sect.6.2.5.

6.2.2Using ontology for an intensionaldescriptionof data

In Sect. 3.2, we chosethe contextualcoordinatesC;s and
their valuesV;s from an ontology. We illustrate with the
help of an examplehow conceptsin an ontology may be
mappedto the actualdatain the databaseThus,the userat
thefederationlevel canview theinformationin the database
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,Salagye,Affiliation)

The definition context of the object EMPLOYEE may be
definedas:
Cie;(EMPLOYEE) = <(employer,Deptypes{restype$])
(affiliation,{teaching,research,non-teachjig
(reimbursemen{salary,honorariurf) >
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— Deptypesis atype definedin the database.

— The symbolsfor the contextualcoordinatesemployer,
affiliation and reimbursemenére takenfrom the ontol-
ogy. The associatiorwith the attributesof EMPLOYEE
is storedby the mapz oy ee(C, A) operation.

— The symbolsrestypesteaching,reseach, non-teaching,
salary and honorarium may either be taken from the
ontologyor submittedfor inclusioninto the ontology by
the databasedministrator.

As discussedn Sect.6, we associatevith definitioncon-
text an object EMPLOYEEr which is exportedto the fed-
erationof databases.
semPro(EMPLOYER,EMPLOYEE)
= <Cgy. s (EMPLOYEE),M,(dom(EMPLOYEE:),dom(EMPLOYEE)),>,
whereM is amappingbetweerthedomainsof thetwo objects Themapping
relatesinformationin the ontologyto datain the databaseThe projection
is illustratedin Fig. 13.

Simple Sets Rule =
Hcdef(E]\/[PLOYEE)(SemPI’O(EMPLOYEE,EMPLOYEE))
= schCor(EMPLOYEE,EMPLOYEE)
= <EMPLOYEEg ,{employer diliation,reimbursemeft EMPLOYEE,
{maperproy Er(employer,Dept),
mape v proy eg (affiliation,Affiliation),
mapg v proy e E(reimbursement,Salarype)},M>
M = EMPLOYEEr = OSelect(p,EMPLOYEE)
p = (Deptc[DeptypesU{restype$])
A(Affiliatione{teaching,research,non-teachjhg
A(SalaryTypec{salary,honorariurf)

6.2.3Domain augmentationrepresentingxtrainformation

In this section,we demonstratean interestingcasewhere
extrainformationcanbe storedwith the intensionaldescrip-
tions of objects.This extrainformationis representeds 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 accessinghe database.
Considera querythat asksfor all publicationsin a research
areanot associatedvith a department.The answerto the
queryis an empty setwhich canbe determinedwithout ac-
tually accessinghe database.

The constraintinvolving researchareascan be repre-
sentedin Cg.r(PUBLICATION) and expressedusing the
contextualcoordinatereseachArea However,the informa-
tion abouttheresearchareasof a publicationis not modeled
by the existing databas@bject
PUBLICATION(Id, Title, Journal).

The definition contextof the object PUBLICATION is de-
fined as:

Ca.f(PUBLICATION) = <(researchAre®eptypeg> where
Deptypesis a type definedin the database.

The querydiscussedibovecanbe processeavithout ac-
cessinghedatabasé theconstraininvolving researclareas
is partof the exportedfederationobject.Becausdhe contex-
tual coordinatereseachAreais not modeledin the database,
the projection algorithm createsa new object correspond-
ing to theresearchareasby usingthe makeObjecbperation.
This new objectis thenassociatedvith the databasebject
PUBLICATION by usingthe OProductoperation.Theabove
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semPro(EMPLOY EE;, EMPLOY EE)

<C,4 (EMPLOYEE), M, (dom(EMPLOYEE), dom(EMPLOYEE)), >

PROJECTION

Y

Gy (EMPLOYEE)

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

(reimbursement, { salary, honorarium})>

\J
schCor(EMPLOY EE, EMPLOY EE)

AND (A

<EMPLOY EE;, { employer,&ffiliation,reimbursement}, EMPLOY EE, { Dept,Affiliation,SalaryType} , M>

M <=>EMPLOYEE- = OSelect( Defpt_IN [Dept Pesu_ {r&eearch]\l]]) )
ffiliation IN {teaching,researc ,non-teachmcc);v
AND (SalaryType IN {salary,honorarium} ), EMPLOYEE)

Fig. 13. MappingEMPLOYEEy to objectEMPLOYEE in the database

resultsin theaugmentatiomf the domainof the databaseb-
ject PUBLICATION andis expressedn Appendix1 (Rule
3.3).

dom(PUBLICATIONg) C dom(ld)xdom(Title)
x dom(Journal)x Deptypes

The projection operationis diagrammaticallyillustratedin
Fig. 14.

[A ] semPro(PUBLICAION ,PUBLICATION) is evaluatedwith respect
to C4. s (PUBLICATION). Thedefinitioncontextexpressesxtrainfor-
mation aboutthe object PUBLICATION not modeledin the database.
This stepillustratesthe augmentatiorof dom(PUBLICATION). Let:

- Cgef(PUBLICATION) = glb(<(researchArea, Deptypes)>, <>)

- semPro(PUBLICATION’,PUBLICATION) be defined with respecto <>

- PUBLICATION’ be a temporary object

The domainaugmentatiortakesplaceasfollows:

Simple Set Constraint Rule (New Constraint, Non-existing attribute) =

(step [B])

semPro(PUBLICAION ,PUBLICATION)

= semConstrain{ (researchAre®eptypeg>,
semPro(PUBLICAION’,PUBLICATION}))

— Let M’ bethemappingbetweenPUBLICATION’ andPUBLICA-
TION returnedby step[C].

— Theconstraintaboutresearclareass incorporatedn the exported
federationobjectPUBLICATION i by usingthe mappingM. 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(PUBLICAION -, PUBLICATION)
= <Cge;(PUBLICATION),M,
(dom(PUBLICATION ), dom(PUBLICATION) x Deptypes,_>

[C ] Empty Context Rule =
M’ = PUBLICATION'=PUBLICATION

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

schCor(PUBLICAION i,PUBLICATION)
= strConstrain{researchArepDeptypes
schCor(PUBLICAION’,PUBLICATION))

M =PUBLICATION g
=OProduct(makeObject(researchAReptypeg,

PUBLICATION")
=OProduct(makeObject(researchAReptypeg,PUBLICATION)

6.2.4Representingelationshipbetweenobjects

In this section,we illustrate with the help of an example
how context can be usedto capturerelationshipsbetween
objectswhich may not be representedn the databaseWe

illustrate a case where the definition context of the ob-

ject HAS-PUBLICATION capturests relationshipswith an-
other databaseobject EMPLOYEE in an intensionalman-
ner. Theserelationshipsare not stored in the databaseand
the evaluationof the semProdescriptorresultsin extrain-

formationbeing associatedvith the federationobjectHAS-

PUBLICATIONE. A naiveuserwill ordinarily notbe aware
of this relationship.

Example. Consider objects EMPLOYEE and PUBLICA-
TION defined earlier and an object in the samedatabase
which represents relationshipbetweenemployeesandthe
publicationsthey write, HAS-PUBLICATION(SS#,1d)
Cier(HAS-PUBLICATION)

= <(author,EMPLOYEE < (affiliation,{research)>)>

This evaluationof the semProdescriptorhasbeendiagram-
matically illustratedin Fig. 15.

[A ] semPro(HAS-PUBLICAION ,HAS-PUBLICATION) is evaluated
with respecto Cg, s (HAS-PUBLICATION).
The definition contextmakesexplicit the relationshipbetweenHAS-
PUBLICATION and EMPLOYEE. This stepillustrateshow the cor-
relation of the instancesof EMPLOYEE and HAS-PUBLICATION is
doneto satisfythe constraintsan the definition context.Let
- Cge f (HAS-PUBLICATION)
= glb(< (author,EMPLOYEE

0Cqss(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 Cqss(EMPLOYEE,HAS-PUBLICATION) to EMPLOYEE i
semCombine Rule =
semPro(HAS-PUBLICAION ,HAS-PUBLICATION)
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semPro(PUBLICATION,, PUBLICATION) (A]
<C, (PUBLICATION), M, (dom(PUBLICATION; ), dom(PUBLICATION)X Deptypes), >

I PROJECTION —=>"srConstran | srCongrain | 0] /

semConstrain Gy (PUBLICATION) / :
] reschiven | Deptyes| |
f‘<(rwearchArea, Deptypes)> ‘ ‘

(€] ‘

emPro(PUBLICATION’, PUBLICATION)
<<>, M’, (dom(PUBLICATION'), dom(PUBLICATION)), >

PROJECTION <

schCor(PUBLICATION' ,PUBLICATION)

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

w PROJECTION [E]
Al
schCor(PUBLICATION; , PUBLICATION)

<PUBLICATIONL, { researchArea}, PUBLICATION, {researchArea}, M>
M <=> PUBLICATION, = OProduct(makeObject(researchArea, Deptypes),PUBLICATION’)
= OProduct(makeObject(researchArea, Deptypes), PUBLICATION)

Fig. 14. DomainaugmentationmappingPUBLICATION i to objectPUBLICATION in the database

semPro(HAS-PUBLICATION ,HAS-PUBLICATION)

M <=>HAS-PUBLICATION = OJoin((SS# = SS#),HAS_PUBLICATION,
OSeIect((AfflllatlonIN{r@earch})AND( .) AND (..., EMPLOYEE))

<(author, EMPLOY EEo<(affiliation, { research} )>)>
[A]

semCombine

<(affiliation, { research})>

<>
g q

semPro(HAS-PUBLICATION’, ;

( HAS PUBLICATION) semPro(EMPLOYEE' EMPLOY EE)
M’ <=>HAS-PUBLICATION’ Wectl(:(%fflllatlon IN {research}) AND

= HAS-PUBLICATION (Dept IN ...) AND (SdlaryTypeN ...), EMPLOYEE)

semConstrain (D]
<(affiliation, { research})> semCongition |

C,(EMPLOYEE)

semPro(EMPLOY EE;, EMPLOY EE)
M’ <=>EMPLOYEl
=0OSelect((Dept IN ...) AND  (Affiliation IN ...) AND
(SalaryTypelIN ...), EMPLOYEE)

[E]

Fig. 15. Correlationof information betweenHAS-PUBLICATION and EMPLOYEE

= semCombine(author, — mapgas—puBLIcATION (@uthor,SS#)
semPro(HAS-PUBLICAION’,HAS-PUBLICATION), Rule 5.1 =
semPro(EMPLOYEE’,EMPLOYEE)) M = HAS-PUBLICATIONf =
_ 0Join((SS#=SS#),HAS-PUBLICAON’,EMPLOYEE’)
— Let M’ bethe mapplngbetweerHAS-PUBLICATION’ andHAS- - OJOIn((SS#:SS#),HAS-PUBUOAON,EMPLOYEE‘)
PUBLICATION returnedby step[B]. ... M’ From step [B]
— semPro(EMPLOYEE',EMPLOYEE) = 0Join((SS#=SS#),HAS-PUBLICAON,
= semCondition(Gss(EMPLOYEE,HAS-PUBLICATION), OSelect((Afiliatione{research)A(...)A(...),EMPLOYEE))
semPro(EMPLOYER,EMPLOYEE)) ... M" From step [C]
Let M” be the mappingbetweenEMPLOYEE’ andEMPLOYEE
returnedby step[C]. [B ] Empty Context Rule =

— mapen proy g (author,SS#) M’ = HAS-PUBLICATION'=HAS-PUBLICATION
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[C ] In this step,we show how the constraintsin the associatiorcontext
areappliedto the federationobjectEMPLOYEEg. Thisis donebefore
correlationof theinstanceof EMPLOYEE andHAS-PUBLICATION,
asonly employeesvho areresearcherbavepublications.
Cuss(EMPLOYEE,HAS-PUBLICATION)
=glb(< (affiliation,{research)>, <>)

Constraint Conditioning Rule =
semCondition(Gss(EMPLOYEE,HAS-PUBLICATION),
semPro(EMPLOYER, EMPLOYEE))
= semConstrain{ (affiliation,{research)>,
semCondition& >,semPro(EMPLOYER ,EMPLOYEE)))
.... lllustrated in step [D]
= semConstrain{ (affiliation,{research)>,
semPro(EMPLOYER,EMPLOYEE))
.... Empty Context Conditioning Rule
Let M bethe mappingreturnedby step[E] betweenEMPLOYEER
andEMPLOYEE.
Rule 3.2 =
M" = EMPLOYEFE’
=OSelect((Afiliatione{research),EMPLOYEEg)
= OSelect((Afiliatione{research),
OSelect((Afiliationc{research,teaching,non-teachifuy(...)A(...),
EMPLOYEE)
.... M” From step [E]
= OSelect((Afiliatione{research)A(...)A(...),EMPLOYEE)

[E ] This stepillustrates the associationbetweenthe federation object
EMPLOYEEr and the databaseobject EMPLOYEE and has been
discussedn detailin Sect.6.2.2. The associatioris given by:

M” = EMPLOYEEr
=OSelect((Afiliatione {research,teaching,non-teachjig(...)A(...)),
EMPLOYEE)

6.2.5 Compositionof contextualcoordinatesrepresenting
extrainformation

In this section,we illustrate an examplein which the infor-
mationthatthe contextualcoordinatereseachinfois a com-
position of two contextualcoordinates(reseachArea and
journalTitle) is obtainedfrom the ontology of the domain.
This is then usedto correlateinformation betweenthe ob-
jects PUBLICATION and JOURNAL. However, the con-
textual coordinateresearchAreaas not beenmodeledfor
the objectPUBLICATION. Thus,this resultsin extrainfor-
mation aboutthe relevantjournalsand researchareasbeing
associatedvith the object PUBLICATION, eventhoughno
informationaboutreseach areasis modeledfor PUBLICA-
TION.

Example.Considera database&ontainingthe following ob-

jects:

PUBLICATION(Id, Title, Journal)Cy. ;(PUBLICATION)

= <(researchinfo,JOURNAL <(researchArea,Deptypes)
(journalTitle,Journalypes)>)>

JOURNAL(Title, Area) whereCg. s (JOURNAL) = <>

The correlation of information is illustrated diagrammati-

cally in Fig. 16.

[A ] semPro(PUBLICAION ,PUBLICATION) is evaluatedwith respect
to Cge s (PUBLICATION)
The definition contextmakesexplicit the relationshipbetweenPUB-
LICATION and JOURNAL. This stepillustratesthe generatiorof the
two semProdescriptorspnefor applyingthe remainingconstraintsn
Cgey(PUBLICATION) to PUBLICATION andthe otherfor applying
the constraintsin C,ss(JOURNAL,PUBLICATION) to JOURNALE.
Let

- Cde £ (PUBLICATION)
= glb(<(researchInfoJOURNALo < (researchArea,Deptypes)
(journalTitle,JournalTypes)>)>,<>)

- semPro(PUBLICATION’, PUBLICATION) be defined with respecto <>
- Cass(JOURNAL,PUBLICATION)

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

- PUBLICATION’ be a temporary object

- JOURNAL' be a temporary object obtained by applying the constraints
in Cqss(JOURNAL,PUBLICATION) to JOURNAL

semCombine Rule =

semPro(PUBLICAION z,PUBLICATION)
= semCombine(researchlinfo,
semPro(PUBLICAION’,PUBLICATION),
semPro(JOURNAL’,JOURNAL))

— Let M’ bethe mappingbetweenPUBLICATION’ andPUBLICA-
TION returnedby step[B].
— semPro(JOURNAL’,JOURNAL)

= semCondition(Gss(JOURNAL,PUBLICATION),
semPro(JOURNAL:, JOURNAL))

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

[B ] Empty Context Rule =
The mappingM’ associatedvith
schCor(PUBLICAION’, PUBLICATION) is
M’ = PUBLICATION'=PUBLICATION

[C ] Cass(JOURNAL,PUBLICATION)

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

2 applications of Constraint Conditioning Rule and 1 application of Empty
Context Conditioning Rule =
semCondition(Gss(JOURNAL,PUBLICATION),
semPro(JOURNAIz,JOURNAL))
= semConstrain{(researchArea,Deptypes)
semConstrain{ (journalTitle,Journalpes)>,
semPro(JOURNAIz,JOURNAL)))
2 applications of Rule 3.2 and Cge (JOURNAL) = <> =
The mappingM” associatedvith schCor(JOURNAL’,JOURNAL)s
M" = JOURNAL’
= OSelect((AreaDeptypes)A(TitlecJournalpes),JOURNAL)

[D ] semPro(PUBLICAION ,PUBLICATION) is evaluatedby applying
the Coorinate CompositiorRule The final resultis illustratedin step
[E]. This stepillustrateshow information aboutthe researchareasof
the publicationsis propagatedo PUBLICATION, eventhoughthere
is no informationaboutresearchareasstoredin the object PUBLICA-
TION. This is achievedby the compositionof contextualcoordinates
obtainedfrom the domainontology.

— researchinfo= compose(researchArea,journild)

Coordinate Composition Rule =

mappyBLicarion (researchinfo,X)

= compose(mapy sr.rc arron (researchArea,NA),

mappy BL.1c AT 10N (jOournalTitle,Journal))
map;ou rnN AL (researchinfo,Y)
= compose(mapoy rn AL (researchArea,Area),
mapsou rN AL (journalTitle, Title))

— ThemappingM associatedvith

schCor(PUBLICAION g,PUBLICATION) is given by:

strCombine{mappy sr1c aT10 N (researchinfo,X),
mapyou rN AL(researchinfo,Y),
schCor(PUBLICAION’,PUBLICATION),
schCor(JOURNAL',JOURNAL))

M = PUBLICATION =
0Join((X=Y),PUBLICATION’,JOURNAL")

= OJoin((researchArea=AreafTitle=Journal),

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

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

e
[AM@MO, JOURNA L o<(researchArea,Deptypes)

semCombine (journal Title, Journal Types)>)> [D]
PROJECTION strCombine
{compose(researchArea,Journal),
researchinfo <> compose(Area, Title) }

(B]

(€]
semPro(JOURNAL’ , JOURNAL)

<> PROJECTION PROJECTION

| semPro(PUBLICATION', PUBLICATION) | | (reseercharenDeptypes
(journal Title, Journa Types)>

<(researchArea,Deptypes)
(JournalTitle, Journal Types)>

Y

M’" <=> JOURNA

schCor(JOURNAL’, JOURNAL)
L

schCor( PUBLICATION', PUBLICATION) = O oo e SRNAL)

M’ <=>PUBLICATION’ =PUBLICATION

[E]

PROJECTION

M <=> PUBLICATION.

schCor(PUBLICATION, PUBLICATION)

= OJoin((researchArea=Area) AND (Title = Journal), PUBLICATION,
OSelect((ArealN Deptypes) AND (Title IN Journa Types), JOURNAL))

Fig. 16. CorrelationbetweenPUBLICATION and JOURNAL dueto compositionof contextualcoordinates

.... mapping M’ from step [B]
= OJoin((researchArea=Area]Title=Journal),PUBLICAION,
OSelect((AreaDeptypes)\(TitlecJournalypes),JOURNAL))
.... mapping M” from step [C]

The constraintresearchArea € Deptypes propagateso PUBLI-
CATION. This is becausenvhenthe correlationtakesplace
between]IOURNAL andPUBLICATION (referto step[E]):

— only journals belongto the researchareascorrespond-
ing to the departmentsare selected(OSelect((ArealN
Deptypes)AND ... ,JOURNAL))

— the join condition (Title = Journal) ensuredthat only
thosearticles which are from the researchareascorre-
spondingto the departmentsre exportedto the federa-
tion
(OJoin((researchArea=Are&ND (Title = Journal),...))

— thisis achieveddespitethe attributeAreanot beingmod-
eled for PUBLICATION. Thus,thereis a selectiveand
implicit domainaugmentationof Deptypesto PUBLI-
CATION throughthe join condition.

6.2.6 Representationf incompleteinformation

Theintensionaldescriptionof the definition contextscanbe
easily usedto represenincompleteinformation. Traditional
databaseapproachesave 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 the databaseéMe canuseinten-
sionaldescriptionsn an attemptto describeincompletein-
formationandto avoid the problemsassociatedavith NULL
values.

Example.Considerthe following definition contextof the
object PUBLICATION.

Cacf(PUBLICATION)
= <(title,{x|substring(x)="abortion"})>

This represents constrainton the instancesof the object
PUBLICATION suchthatall thetitles shouldhavethe word
"abortion” in them.This doesnot specifythetitle of eachin-
stanceof PUBLICATION completely.This informationcan
be representedvith the object PUBLICATION at the fed-
erationlevel and can help in queryingthe databasen face
of incompleteinformation.

6.3 Applicationsof context

In Sect.6.2, we definedand illustrated with examplesthe
relationshipbetweenschemacorrespondencesnd semantic
proximity. We have defined projection rules which define
schemeacorrespondenceasthe projectionof the semPrade-
scriptor with respectto the context. Earlier work on map-
ping intensionaldescriptionsof conceptso SQL querieson
relationaldatabasebasbeenreportedin [BB93]. In our ap-
proach,however the mappingsexpressedisingobjectalge-
bra operationsare also associatedvith the intensionalcon-
textualdescriptionsWhenevetthe contextchangesyve also
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keeptrack of the associatecchangesin the schemacorre-
spondenceskulesmodelingthe changesn the schemacor-
respondencegand hencethe mappings)due to changesn
contextare presentedn [KS954.

We look atexamplesn which the semPradescriptorsare
lifted [Guh9] to different contexts.Lifting a semProto a
differentcontextmeange-evaluatinghesemPran a context
which is differentfrom the one it was definedin first. We
showin [KS95 how queryprocessinganbe implemented
by the comparisonof the definition contextsof the objects
in the databasevith the query context.We haveillustrated:

— how the modificationof schemeacorrespondencedueto
changesn contextleadto information-focusing

— how changesn the definition contextof oneobjectleads
to the modification of schemacorrespondencef a re-
lated object

— how constraintsfrom the query contextscan be applied
to an object storedin a databaseThis resultsin mod-
ification of the schemacorrespondenceand resultsin
informationfocusing

— how the query contextcanform the basisof correlation
of information acrossdifferentdatabases

7 Related work

A simple observationmade by various researchersn the

field of multidatabaseswhich is also the central premise
of this paperis that it is essentialto associateabstrac-
tions/mappingsbetweenobjects with the context of com-

parisonto capturesemanticsimilarity. Somesignificantat-

temptsare the semantic proximity proposalby Shethand
Kashyap[SK97, the context-building approachby Ouksel
and Naiman[ON93, the context interchangeapproachby

Scioreet al. [SSR92 and the common conceptsapproach
by Yu etal. [YSDK91]. We haverelatedthe aboveattempts
to semanticproximity.

Therehavebeenattemptgo useanattribute-value-based
representatiorfor capturingsimilarities in various areasof
researchLarsonet al [LNE89] usea setof fixed descrip-
tors to capturesimilarities betweenattributes.Sciore et al
[SSR92 usemeta-attributeso representontext.In linguis-
tics [CMG9(, contexthasbeenrepresentedising a set of
contextcoordinatesubjectto certainconditions.Similar at-
temptshavealso beenmadefor documentsn text retrieval
(usingthematicroles)[VD92] andfor clusteringsimilar ob-
jects(usingcodewords)in [ML92]. We haveabstracteaut
the commonalitiesn theseapproache# our representation
of context.However,we differ from Scioreet al. [SSR92
andOukselet al. [ON9J in the following aspects:

— Scioreet al. [SSR92 representhe contextat the exten-
sionallevel, i.e., at the level of datavaluesand object
instancesWe representontextat an intensionallevel,
i.e., atthelevel of the databaseschemaThis givesusan
opportunityto representonstraintsaboutobjectswhich
cannotbe capturedat the extensionalevel. We alsoview
the contextof an objectasa collectionof constraintson
an objectwhich may not be representedh the database
schema

— Ouksel et al. [ON93] representcontext as a collec-
tion of ISCAs (interschemacorrespondencassertions),
which areessentiallystructuralcorrespondencdsetween
schemalementsdn differentdatabasedn our approach,
schemacorrespondencegre associatedvith the context
andarenot considerecartof the context.Theyareused
to relatesemantidnformationwith the actualdatain the
database

— the meta-attributesand their valuesare taken from the
ontologyof theapplicationdomainbeingmodeledby the
databaselssuesof combiningontologiesand scalability
arediscussedn [MKSI96, MKIS96, KS96|

— we have also 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 expressedur context descriptionsusing DL
expressionsWell known DL systemsare KL-ONE [BS8Y,
LOOM [Mac87, BACK [vLNPS87 and CLASSIC
[BBMR89]. We are investigatingthe use of CLASSIC as
the DL systemfor representingcontext. The advantageof
using CLASSIC is that it is sufficiently expressiveand has
a polynomialtime classificationalgorithm.

Classificationor taxonomief schematidifferencesap-
pearin [DH84, BOT86 CRE87 KLK91, KS91]. In this
paper,we presentwhat we believeis a comprehensiveax-
onomy of schematicconflicts which subsumesnost of the
taxonomiedoundin literature(Table 3 in Appendix2). We
refinedthe broad definition of domainincompatibility and
entity definitionincompatibility givenin [CRE87. Our clas-
sification consistsof conflicts arising out of inconsistencies
in thedatabasstate]BOT86], conflictsdueto representation
at differing levels of abstractiofDH84] and conflictswhen
datain one databasecorresponddo meta-datain another
[DAODTS85, KLK91].

8 Conclusionsand futur e work

An essentialprerequisiteto achievinginteroperabilityin a

multidatabaseenvironmentis to be able to identify seman-
tically similar datain different databasesystems.Another
key issueattractingwide attentionwith attemptsto build a

nationalinformationinfrastructurejs theissueof queryinga

large numberof autonomouslatabasewithout prior knowl-

edgeof theirinformationcontent.It is thereforeimportantto

capturethe semanticcontentof thesedatabasem asexplicit

a manneras possible.

We discussedheinadequacyof structuralsimilarity and
how semanticscannotbe capturedby purely mathematical
formalisms.This led usto makea casefor the explicit iden-
tification and representatiorof contextin a multidatabase
environment.We definethe conceptof semanticproximity,
using which we representhe degreesf semanticsimilari-
ties betweenthe objects|SK9Z. The contextof comparison
of theseobjectsis thefulcrum of the semantigroximity. We
proposean explicit thoughpartial representatioof context



in a multidatabaseenvironment.We have also definedthe
conceptof schemacorrespondencesising which we repre-
sentthe structuralsimilarities betweenobjects.

We demonstratéhe reconciliationof the dual schematic
vs semanticperspectivesThis is done by associatingthe
mapping/abstractiobetweenobjectsin different databases
with the contextof the semanticproximity definedbetween
them. This associationenablesus to determinequalitative
measuref semanticsimilarity such as equivalencerela-
tionship,relevanceresemblancandincompatibilityandde-
velop a semantictaxonomy.We also enumeratehe various
schematidheterogeneitieandthe possiblesemanticsimilar-
ities betweenthem.

We havealsodefinedthe conceptof schemacorrespon-
dencesusing which we representhe structuralsimilarities
betweerobjects.Thoughit is knownthatrepresentingtruc-
tural similaritiesis inadequateo capturesemanticsimilarity
betweertwo objects for anymeaningfuloperationto be per-
formedon the computerthe semPradescriptorbetweertwo
objectshasto bemappedo amathematicagxpressiomwhich
would essentiallyexpressthe structuralcorrespondencbke-
tweenthem. We have definedthe schemacorrespondences
asa projectionwith respecto contextof the semanticprox-
imity betweenthe objects.

Besideshelpingto reconcilethe semanticandthe struc-
tural perspectivedt alsoenablesisto represenextraknowl-
edge about the databaseobjects. This includes domain-
specific constraintsobtained from an ontology and im-
plicit relationshipsbetweenobjectsin the databasesWe
also demonstraténow extra information not modeledfor a
databasebjectmaybeassociatedvith it. This enablesnfer-
encesto be drawn at the federationlevel without accessing
the databasesSomeof theseinferencesnvolve extraknowl-
edgeandwould not havebeenpossible,evenif the objects
in the databasesvere accessed.

Theseinferencesare modeledas changesn the context
andtheassociatedgchemacorrespondence#. enablesnfor-
mation focusingas someinferencesaffect the schemacor-
respondencet retrieveonly the datarelevantto the query.
It enablesinformation correlation, as one can specify con-
straintsrelating differentobjectsin the context.The compu-
tation of the resultingschemacorrespondencesnablesthe
correlationof the appropriatanstancef the objects.These
have beendiscussednly briefly in the paperdueto space
constraintsThe readermay referto [KS95H for details.

The contextis the key componentin capturingthe se-
mantic content of the information presentin the various
databasesln any attemptto representthe context of ob-
jectsin a databaseissuesof languageand vocabularybe-
comeimportant.We are looking into the possibility of the
knowledgeinterchangeformat [GF9 and DL-basedlan-
guagedBS85 BBMR89, Mac87, PS84 vLNPS87 KBR86)]
for contextrepresentationln designingthe definition con-
text of an object, it is necessanto choosethe contextual
coordinatesandtheir valuesin a controlledmanner.We are
experimentingon using domain-specificontologiesto con-
structthesecontextsin a methodicalmanner.ln casesvhere
a domainontology is not readily available,researchs re-
quired to enablesemi-automaticgenerationof ontologies.
We arelooking at clusteringandinformationretrievaltech-
niguesfor semi-automatigenerationof ontologies.We are
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also looking into re-using well-establishedmetadatastan-
dardsand classificationtaxonomiesas domain-specificon-
tologiesasintensionaldescriptionf informationcontentin
the databases.

A complementarnyproblemis that of presentingthe on-
tologiesto theuserin amethodicaimannetto enablehim/her
to constructthe query contextsfor retrieving information
from a federationof databasesTools to presenttheseon-
tologiesto usersand information systemdesigneramustbe
developedo facilitate contextdesignandrepresentation.

There should be an agreemenibn the meaningof the
termsusedin the ontologiesfor constructionof the defini-
tion contextson one handandthoseusedin the ontologies
for the constructiorof the querycontextson the other.Thus,
eitheracommonontologyis required,or the correspondence
betweenthe termsin the variousontologiesneedsto be es-
tablished We are experimentingwith utilization of termino-
logical relationshipsbetweenterms acrossontologies.The
OBSER/ER system[MKSI96] usingsynonynrelationships
is a stepin this direction. A proposalto extendthe system
by usinghyponymandhypernynrelationshipshasbeenpre-
sentedn [MKIS96]. We planto extendthe systemto utilize
knowledgeransmutationoperators[Mic93] to expresscor-
respondenceletweertermsin the variousontologiesin the
future.
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Appendix 1 Detailed specification of projection rules

semPro(Q@r,0;) = <Cntxt,M,(dom(QF),dom(Q)),_>

IIcntrt(s€MPro(@r,04)) = schCor(Qr,01)
= <0yr,{C;| C; Cnixt},O,attr(0),M>

Rule 1. EmptyContextRule i.e., Cntxt= <>
schCor(QF,Ol) = <01r,0,01,6,M> = M = O1p=0q

Rule 2. SimpleSetRule i.e.,Cntxt= <(C1,S1)...(Cx,Si)> schCor(Qr,01)
= <017 {C;|C; €Cnixt},01,{A;|mapp, (C;,A;) exists,M>
M = O;r=0Select(p,@), wherep = (A1 €S1) A..A (Ar €Sk)

Rule 3. SimpleSetConstraintRule whenCntxt = glb(<(C;,S;)>,Cntxt)
semPro(Qr,0;) = semConstrair€(C;,S;)>,semPro(0’,Q))
wheresemPro(O’,Q) is definedwith respecto Cntxt; and
O’ is atemporaryobjectobtainedby applyingconstraintsn Cntxt on

01 schCor(Qr,01) = IIcn izt (SeMConstraing (C;,S;)>,semPro(0’,@))

= strConstrain(mag, (C;,A;),S;,schCor(0’,Q))
wherethe mappingM’ associatedvith schCor(O’,Q) is given by:
M’ = O'=0Select(p,Q)

Rule 3.1. NewConstraint,ExistingAttribute,
i.e., C; ¢Cntxt;, map, (C;,A;) exists.
The MappingM associatedvith schCor(Qr,0;) is givenas: M
= O;p=0Select((A €S;),0")
=0Select((A €S;),0Select(p,®))
=0Select((A €S;)Ap,01)
Rule 3.2. ExistingConstraint,ExistingAttribute,
i.e., C; €Cnixt;, map, (C;,A;) exists.
SupposgC;,S’;)eCnixty.
ThenthemappingM’ associateavith schCor(O’,Q) maybewrit-
tenas:
M = O’'=0Select(pA(A; €S’;),01) wherep = p'A(A; €S)).
ThemappingM associateavith schCor(Qg,0;) is thengivenas:
M= OlF=OSeIect((% ESj),O')
=0Select((A €S;), OSelect(pA(A; €S'5),01))
= OSelect(pA\(A; €S;nS’;),01)
Rule 3.3. NewConstraint,Non-existingAttribute,
i.e., C; ¢Cnitxt;, map,(C;,A;) doesnot exist.
The mappingM associatedvith schCor(Qg,0y) is givenas:
M = O;r=OProduct(makeObject(CS;),0’)
=OProduct(makeObject(CS;),0Select(p,®))
Rule 3.4. NewConstraint,Non-existingAttribute,
i.e.,C; €Cntxty, map,(C;,A;) doesnot exist
SupposgC;,S’;)eCntxty,
thenthe mappingM’ associateavith schCor(O’,Q) may be writ-
tenas:
M’ = O’=OProduct(makeObject(CS;),0Select(p’,Q))
The mapping M associatedwith schCor(Qr,0;) can be then
givenas:
M = O;=OProduct(makeObiject(CS;),0")
= OProduct(makeObiject(ES;),
OProduct(makeObject(CS’;), OSelect(p’,Q)))
= OProduct(makeObject(CS;NS’;),0Select(p’,Q))

Rule 4. ContextConditioningRule i.e.,
semCondition(CntxtsemPro(@g,01))

Rule 4.1. EmptyContextConditioningRule i.e., Cntxtp = <>
semCondition(CntxtsemPro(@r,01)) = semPro(Q@r,01)
Rule 4.2. ConstraintConditioningRule i.e. Cntxty
= gIb(<(Cj,Sj)>.Cntxt2)
semCondition(CntxtsemPro(@g,01))
= semConstrain¢(C;,S;)>,
semCondition(Cntg,semPro(@g,01)))
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I cniat, (SemConstrain¢(C;,S;)>,
semCondition(CntgisemPro(@g,01))))
= strConstrain(mag,(C;,A;).S;,
IIcnixt, (semCondition(CntstsemPro(@r,01))))
Rule 4.3. ContextConditioningand semCombin®ule i.e.,
semCondition(CntxtsemCombine(g
semPro(0’,Q@), semPro(0",Q)))
= semCombine(gGsemCondition(CntgtsemPro(0O’,Q)),
semCondition(CntxtsemPro(O”,Q)))
Hcniet, (SemCombine(&
semCondition(CntxtsemPro(0’,Q)),
semCondition(CntitsemPro(0”,Q))))
= strCombine{mapo, (C;,A;).mapo, (C;,A';)},
I cniet, (SemCondition(CnbgsemPro(0’,Q))),
I cniet, (sSemCondition(CnbgsemPro(0”,Q))))

Rule5. semCombin®ulg i.e.,
Cnitxt = glb(<(C;,0;0Cqs5(0;,01))>, Cnixt)
semPro(Qg,01) =
semConstrain¢(C;,0;0C,s5(0;,01))>,5emPro(0’,Q))
= semCombine(gsemPro(0’,Q),
semCondition(Gss(0;,01), semPro(Qr,0;)))
where semPro(O’,Q) is definedwith respectto Cntxt; and O’ is a
temporaryobjectobtainedby applyingall the constraintsn Cntxt; to
0O
I ¢ (sSemCombine(GsemPro(O’,Q),
semCondition(Gss(0;,01), semPro(Qg,0;))))
= strCombine{map, (C; A;).mapp, (C;,A’;)},
I cnixt, (SEMPro(0’,Q)),
IIc,, (0, 0 (semCondition(Gss(0;,01),semPro(Qr,0;))))
= strCombine{map, (C;,A’;),map, (C;,A;) },
schCor(0’,Q),schCor(0”,Q))
whereQ” is atemporaryobjectobtainedby applyingall the constraints
in Cas5(0;,01) t0 O;
and the mappingsM’ and M” associatedwith schCor(0’,Q) and
schCor(0”,Q) aregivenas:
M’ = O'=0Select(p’,Q) M” = 0"=0Select(p”,Q)
Rule5.1. NewConstraintand ExistingAttributes
i.e.,, C; ¢ Cntxt,map, (C;,A’;) andmap, (C;,A;) exist.
M = O1=0Join(g(A,A’ ;),0’,07)
=0Join(g(A,A’;),0Select(p’,Q),0Select(p”,Q))
Rule5.2. CoominateCompositiorRulg i.e., C; = compose(¢1,C; 2)
The compositionof attributesis asfollows:
map (C;,X) = mapo (compose(¢1,C; 2),compose(X,X2))
= compose(map(C; 1,X1),map (C; 2,X2))
Let mapy, (C;,A;)
= compose(map, (C; 1,A; 1),map, (C; 2,A; 2))
Let map, (C;i,A;)
= compose(mag, (C;,1,A’; 1),map, (C; 2,A’; 2))
The mappingM associatedvith schCor(Qg,0;) is given as:
M= OlF=OJoin(gKAi,1,A¢,2 >1<A’7ﬁ,le’i,2 >),O’,O”)
=0Join(gkA; 1,A; 2 >,<A"; 1,A' 2 >),
OSelect(p’,Q),0Select(p”,Q))

Appendix 2 Taxonomiesof schematicconflicts

In this section,we enumeratéhe varioustypesof schematic/
representationatonflicts identified by us in the taxonomy
proposedn this paper.We take a representativesampleof

the multidatabasditeraturein this areaand show the rela-

tionship of their work with ours by meansof a table (Ta-

ble 3). We believethis paperprovidesa morecompleteenu-

merationof the varioustypes of conflicts and their defini-

tions.
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Table 3. Comparisorof the typesof conflicts. We usethe symbol « to denotethat the referencenasan informal discussiornof the schematicconflict. We
usethe symbol 5 to denotethat the schematicconflict hasbeendefinedformally

Schematicconflicts [DH84] [CRE87 [SPD92 [SK9Z [KCGS93 [HM93]
Domain incompatibilities B «a
Naming conflicts 8 «a 8
Datarepresentatioronflicts «a
Datascalingconflicts 8 «a
Data precisionconflicts

Default value conflicts

Attribute integrity constraintconflicts «a
Entity definition incompatibilities 8
Databasedentifier conflicts
Naming conflicts
Schemasomorphismconflicts
Missing dataitem conflicts

Data value incompatibilities
Known inconsistency
Temporaryinconsistency
Acceptableinconsistency
Abstraction level incompatibilities
Generalizatiorconflicts
Aggregationconflicts
Schematicdiscrepancies
Datavalue attributeconflict
Attribute entity conflict a B
Datavalue entity conflict
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