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1 Intr oduction

Developingintelligenttoolsfor theintegrationof informationextractedirom multi-
ple heterogeneousourcess achallengingssueto effectively exploit thenumerous
sourcesvailableon-linein global,Internet-basethformationsystemsMain prob-
lemsto befacedarerelatedo theidentificationof semanticallyelatednformation,
thatis, information describingthe samereal-world conceptin differentsources,
andto semanticheterogeneityin fact,informationsourcesavailablein globalin-
formationsystemsare pre-«isting and have beendevelopedindependentlyCon-
sequentlysemanticheterogeneitganarisefor the aspectselatedto terminology
structure andcontext of the information,andhasto be properlydealtwith during
integrationin orderto effectively andcorrectlyexploit theinformationavailableat
thesources.

Integrationandreconciliationof datacomingfrom heterogeneousourcess a hot
researchiopicin databasef8]. Sereral contritutionsappearedn the recentliter-
ature includingmethodstechniquesndtoolsfor integratingandqueryinghetero-
geneouslatabasefl5,26,30,36] Theintegrationof structuredandsemistructured
datasourcegresentsiew problemsandchallengesin this case the heterogeneity
concernsnot only the semanticof data,but alsothe degreeby which the struc-
ture of datais explicitly representedn the sources.The significantgrowing of
semi-structurediatasourcege.g., Web documentsyxalls for the developmentof
methods techniquesand languagedor this new type of data[10,12,14].Thus,
the typical problemsof integrationshouldbe addressedh the light of thesenew
requirements.

Thegoalof informationextractionandintegrationtechniquess to construcsynthe-
sized ,integrateddescriptiongi.e.,a globalvirtual view) of theinformationcoming
from multiple heterogeneousourcesto provide the userwith a uniform queryin-
terfaceagainsthe sourcesndependentrom their locationandthe level of hetero-
geneityof their data.Moreover, to meettherequirement®f global, Internet-based
informationsystemswith a possiblyhigh numberof sourcedo be integrated,it is
importantto develop tool-assistedechniquesto make informationextractionand
integrationactvities semi-automatiasmuchaspossible.

In this paperwe proposentelligent,semi-automatetkchniquegor heterogeneous
informationextractionandintegration,by takinginto accountboth semistructured
andstructureddatasourceslnformationextractiontechniquesiave thegoalof pro-
ducinga semanticallyrich representationf sourceschemasn ODL s, anobject-
orientedanguagelervedfrom the standardDMG, with theunderlyingDescrip-
tion Logic OLCD (ObjectLanguagewith Complementsllowing Descriptve cy-
cles)[5,8], derived from the KL-ONE family [39]. In caseof semistructuredn-
formation sourcesjnformation extraction producesalso object patterns that are
usedas schemanformationfor the sourceto generatehe correspondind®DL s



description.

Information integrationtechniqueshave the goal of producingglobal, integrated
ODL,s description®f thesourcesn asemi-automateday. Startingfrom extracted
ODLs descriptionof the informationsourcesfirst a sharedCommonThesaurus
of validatedinter-sourceterminologicalrelationshipss setup, by exploiting the
WordNetlexical system[32] andthe OLCD DescriptionLogic inferencecapabil-
ities. Basedon the relationshipsn the CommonThesaurusaffinity coeficients
are evaluatedwhich give a measureof the level of matchingof ODL ;2 classe®f
differentsourcedor integration.Candidateso integrationareidentifiedby apply-
ing affinity-basedclusteringto ODL ;s schemasGlobalODL ;s classesirederived
from selectedclustersto provide an integrateddescriptionof the whole cluster
Moreover, mappingrulesaredefinedfor global ODL ;s classedo expresstherela-
tionshipsholdingbetweerthemandODL ;s sourcedescriptionsrespectiely.

Techniqueslescribedn the paperare provided in the framewvork of the MOMIS

(MediatorervirOnmentfor Multiple InformationSources)7] project! . Like other
integrationprojects[1,15,30],MOMIS follows a “semanticapproach’'to informa-
tion integrationbasedntheconceptuaschemasf theinformationsourcesandon
amediatorcomponentTo provide an I3 [2] architecturefor integrationandquery
optimization themediatorcomponenteliesontwo tools,namelyARTEMIS [17],

developedby Universityof Milano andUniversity of BresciaandODB-Tools[6],

developedby Universityof Modenae Reggio Emilia.

Thepaperis organizedasfollows.In Section2, we describeheinformationextrac-
tion techniquesvith the ODL ;s languageandwe introducethe OLCD Description
Logic andits inferencecapabilities.In Section3, we describethe useof OLCD

to provide a CommonThesauru®f terminologicalrelationshipdescribinginter-

sourceknowledge.In Sectiord, we describdheintegrationtechniquegor building

the mediatorglobal schemaof consideredsourcesln Section5, we describethe
architectureof the MOMIS systemand experimentatiorissues.n Section6, we
make comparisorwith relatedwork. Finally, in Section?7, we give our concluding
remarks.

2 Information extraction with ODL ;s

An importantgoal of informationextractionis the constructionof a semantically
rich representationf theinformationsourcedo beintegratedoy meansof acom-

1 MOMIS is a joint projectamongthe Universita di Modenae Reggio Emilia, the Uni-
versita di Milano, andthe Universit di Bresciawithin the nationalresearctprojectIN-
TERDATA, themen.3 “Integration of Informationover the Web”, coordinatedoy V. De
Antonellis,Universit di Brescia.
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Fig. 1. EatingSource(ED)

mon datamodel.In semanticapproacheso integration,this taskis performedby
wrappertools developedfor eachkind of datarepresentatioryy consideringthe
conceptuaschemaof a givensource.

For corventionalstructurednformationsourcege.g.,relationaldatabaseqbject-
orienteddatabases)schemadescriptionis always available and can be directly
translatednto the selectedcommondatamodel. For example,for flat files and
object-orientedlatabasesvrappersperforma syntactictranslation,while for the
relationaldatabasethey arebasedntransformatiorrule-setsasdescribedn [24]
for relationalto ODMG schemaorversion For semistructureehformationsources
(e.g.,Webdatasources)schemadescriptionis generallynot directly availablein
the sourceslin fact, a basiccharacteristiof semistructuredlatais thatthey are
“self-describing”. This meansthat the information generallyassociatedvith the
schemas specifieddirectly within data[10].

Oneof the goalsof informationextractionfor integrationwhensemistructuredh-
formationsourcesreinvolvedis to derive andexplicitly represenélsotheschema
of thesourceFor thispurposewe proceedsfollows. Accordingto themodelspro-
posedn literaturefor semistructurechformationsource$10,36],asemistructured
sources representedsa rooted,labeledgraphwherenodescontaindata(e.g.,an
imageor free-formtext) andlabellededgesdescribethe conceptrepresentedby
datain the correspondingnode.Figure 1 shovs anexampleof graph-basedepre-
sentationof a semistructuredourcecalledEat i ng Sour ce, containinginfor-
mationrelatedto local fastfood.

In the graphmodel,a semistructureabject (object, for short) canbe viewed as
atriple of theform (id, 1abel, value), wherei d is the objectidentifier, | abel
is a stringdescribingwhatthe objectrepresentsandval ue is thevalue,thatcan
be atomicor comple<. The atomicvaluecanbe integer, real, string,image,while
the complec valueis a setof pairs(id,label), whereid is an objectidentifier A
comple objectcanbe thoughtasthe parentof all the objectsthatform its value
(childrenobjects) A givenobjectcanhave oneor moreparentsWe denotehefact
thatanobjectso’ is a child objectof anotherobjectso by so — so’ andusenota-
tion label(so) to denotethe label of so. With referenceo the sourcein Figurel,
thereis onecomple root objectwith four complex childrenobjectsthatrepresent



Fast-Food-pattern = (Fast - Food,{nane, addr ess, nmi dpri ce*
phone*, speci al ty, cat egory, near by*, owner *})
Ownekpattern = (Omner ,{nane, addr ess, j ob})

Address-pattern = (Addr ess,{street, city, zi pcode})
Fig. 2. Objectpatterndor the ED source

fast-foodsEachFast - Food objecthasanatomicobjectnamne, cat egory and
speci al ty. FurthermoresomeFast - Food objectshave anatomicaddr ess
while someothera comple objectaddr ess, anatomicphone, a comple ob-
jectnear by (thatspecifieshe nearesfast-food),anda comple« objectowner ,
specifyingthenane, theaddr ess andthej ob of thefast-foods owner.

To representhe schemaof a semistructuredourcesS, we introducethe notion of

objectpattern In semistructurediatamodels,labelsare descriptve as much as
possible Furthermorethe samelabelis generallyassignedo all objectsdescrib-
ing the sameconceptin S. All objectsso of S are partitionedinto disjoint sets,
denotedset, suchthatall objectsbelongingto the samesethave the samelabel!.

An objectpatternis thenextractedfrom eachsetto representll the objectsin the
set.Formally, anobjectpatternis definedasfollows.

Definition 2.1 (Object pattern) Let set be a setof objectsin a semistructued
source S havingthe samelabel I. The objectpatternof set is a pair of the form
(ILA), whee [ is the label of the objectsbelongingto set, and A = U label(so')
sud thatthere existsat leastoneobjectso € sef with so — s0'.

Fromthis definition,an objectpatternis representate of all differentobjectsthat
describethe sameconceptin S. In particulay label of anobjectpatterndenotes
the conceptand set A of an object patterndenotesthe properties(or attributes)
characterizinghe conceptin the source.Sincesemistructure@bjectscanbe het-

erogeneouslabelsin A correspondo child objectthat can be definedonly for

someof the objectsin set, but not for all. We call suchkind of labels“optional”

anddenotethemwith symbol“*”.

With respecto the ED sourceof Figure 1, threeobjectpatternsare extracted(see
Figure2): Fast - Food, representingbjectsdescribingeatingplacesOaner rep-
resentingobjectsdescribingpeopleinvolved; Addr ess, representingbjectsde-
scribingaddresseslhe extractionprocesgroducesalsothe Addr ess patternto

take into accountthe differentstructureof the Addr ess objectsin the ED source
(i.e.,in semistructuredbjects2, 4, and5 addresss atomicwhile in object3 it is

compl).

An objectpatterndescriptionfollows an openworld semanticgypical of the De-

scriptionLogic approacH39]. Objectsconformingto a patternsharea common
minimal structureepresentelly nonoptionalpropertiesbut canhave furtheraddi-
tional (i.e.,optional)propertiesin thisway, objectsin asemistructuredatasource



Food Guide Database(FD)
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Fig. 3. Food GuideDatabasé€FD)

canevolve andaddnew propertieshut they will beretrieved asvalid instanceof
the correspondingbjectpatternwhenprocessing query

2.1 Runningexample

We considertwo sourcesin the RestauranGuide domain, storing information
aboutrestaurantsThe Eat i ng Sour ce guidebook(ED) is semistructurecnd
containsinformation aboutfastfoods of the westcoast,their menu,quality, and
soon. A portion of this sourcehasbeenalreadyshavn in Figure 1. The Food
Gui de Databas€FD) is a relationaldatabaseontaininginformationaboutUSA
restaurant$rom a wide variety of publications(e.g.,nevspaperreviews, regional
guidebooks).The schemaof this sourceis composedf four relations(seefig-
ure 3), namely Rest aur ant , Bi str o, Per son, andBr asseri e. Informa-
tion relatedto restaurantss maintainednto the Rest aur ant relation.Bi stro
instancesrea subsebf Rest aur ant instancesandgive informationaboutthe
small informal restaurantshat serne wine. EachRest aur ant andBi stro is
managedoy a Per son. Information aboutplaceswheredrinks and snacksare
sernedon arestoredin theBr asser i e relation.

2.2 TheODL;s language

For a semanticallyrich representationf sourceschemasndobjectpatternsasso-
ciatedwith informationsourcedo be integrated,we introducean object-oriented
languagecalledODL ;. Accordingto recommendationsf ODMG andto the dif-
fusion of I3/POB [2,20], the objectdatamodel ODL;s is very closeto the ODL
languageODL ;s is a sourceindependentanguagaisedfor informationextraction
to describeheterogeneouschema®f structuredand semistructurediatasources
in acommonway.

ODL ;s introduceghefollowing mainextensionswith respecto ODL:



Union constructor. The union constructardenotedby uni on, is introducedto
expressalternatve datastructuresn the definitionof anODL ;s class thuscap-
turing requirement®f semistructuredata.An exampleof its usewill beshavn
in thefollowing.

Optional constructor. Theoptionalconstructordenotedoy (*), is introducedfor
classattributesto specifythatanattributeis optionalfor aninstancgi.e.,it could
be not specifiedin the instance).This constructortoo hasbeenintroducedto
captureequirementsf semistructuredata. An exampleof its usewill beshavn
in thefollowing.

Integrity constraint rules. This kind of rule is introducedin ODL;s in orderto
express,jn adeclaratve way, if thenintegrity constraintrulesat bothintra- and
inter-sourceevel.

Intensional relationships. They areterminolajical relationshipsxpressingnter-
schem&nowledgefor the sourceschemasintensionakelationshipsredefined
betweenclassesand attributes,and are specifiedby consideringclass/attriote
namesgcalledterms.Thefollowing relationshipsanbe specifiedn ODL zs:

e SYN (Synorym-of), definedbetweentwo termst; andt;, with ¢; # t;, that
are consideredsynoryms in every consideredsource(i.e., ¢t; and¢; canbe
indifferentlyusedin every sourceto denotea certainconcept).

e BT (BroaderTerms),or hyperrymy, definedbetweerntwo termst; andt; such
ast; hasa broadermoregeneraimeaningthant;. BT relationshipis not sym-
metric. The oppositeof BT is NT (Narraver Terms),or hyporymy.

¢ RT (RelatedTerms),or positive associationgdefinedbetweernwo termst; and
t; thataregenerallyusedogethein thesamecontext in theconsideredources.

An intensionalrelationshipgs only a terminologicalrelationship,with no im-

plicationson the extension/compatibilityof the structure(domain)of the two

involved classeqattributes). Consequentlyour notion of intensionalrelation-
shipsis differentfrom theoneproposedy CatarciandLenzerini[19], wherean
intensionakelationshipsrassomeextensionaimport.

Extensionalrelationships. IntensionatelationshipsyN, BT andNT betweenwo
classeg’; andC; maybe“strengthenedby establishinghatthey arealsoexten-
sionalrelationshipg19]. Consequentlythe following extensionalrelationships
canbedefinedin ODLjs:

e (1 SYN.;: Cs: thismeanghattheinstance®f C; arethe sameof Cs.

e (' BT, C5: thismeanghattheinstance®f C areasupersebf theinstances
of Cs.

e () NT.z: Co: this meanghattheinstanceof C; area subsebf theinstances
of 02.

Moreover, extensionatelationshipsconstrain’thestructureof thetwo classes

C; andC, , thatis C; NT,,; C is semanticallyequialentto an“isa” relationship.

As to summarize:

e anextensionalrelationshipC; NT.,; Cs is equialentto an*“isa” relationship
C1 1SA (s plusanintensionarelationshipg’; NT Cs;

e anextensionalrelationshipC; BT.,; C5 is equivalentto an*“isa” relationship

Cs 1sA (1 plusanintensionakelationshipg’; BT Cy;



e an extensionalrelationshipC; sYN.,; Cs is equvalentto two “isa” relation-
shipsC; 1sA Cy andCs 1SA C plusanintensionakelationshipg’; sYN Cs.
An “isa” relationship”; 1sA Cs is expressiblein ODL ;s by the following in-
tegrity constraintule:
rule Rule2 forall Xin ClL then Xin C2

Mapping Rules. Thiskind of ruleis introducedn ODL ;s in orderto expressela-
tionshipsholdingbetweertheintegratedODL ;s schemalescriptiorof theinfor-
mationsourcesndthe ODL ;s schemalescriptiorof the originalsourcesThese
ruleswill beillustratedin detailin Sectior4, togethemwith examplesof use.

Theextractionproceshasthegoalof translatingobjectpatternsaandsourceschemas
into ODL ;s descriptions.Translationis performedby a wrapper Moreover, the
wrapperis alsoresponsibldor addingthe sourcenameandtype (e.g.,relational,
semistructured)Thetranslationnto ODL s, onthebasisof the ODL ;s syntax(see
AppendixA) andof theschemalefinitionis performedoy thewrapperasfollows.
Givenarelationof a relationalsourceor a pattern{l, A), translationinvolvesthe
following stepsi) anODLs classnamecorrespondso therelationnameor to /,
respectiely, andii) for eachrelationattributeor labell’ € A, anattributeis defined
in the correspondingdDL ;s class.Furthermoreattribute domainsare extracted.
Structureextractioncanbe performedasproposedn [11,33].

As an example, belov we reportthe ODL;s representatiorof the ED. Fast -
Food objectpatternandof the FD. Rest aur ant relation.The completeODL ;s
schemasepresentationf the ED andFD sourcesarereportedn AppendixB.

i nterface ED. Fast - Food
( source sem structured Eating_Source )

{ attribute string narne;

attribute Address addr ess;
attribute integer phone*;
attribute set<string> specialty;
attribute string cat egory;
attri bute Fast-Food near by*;
attribute integer m dpri ce*;
attri bute Oaner owner *; }i

i nterface FD. Rest aur ant

( source rel ational Food_Cuide )

key r_code

foreign_key(pers_id) references Person )

{ attribute string r _code;
attribute string narne;
attribute string street;
attribute string Zi p_code;
attribute integer pers_id;



attribute string speci al _di sh;
attribute integer cat egory;
attribute integer tourist_nenu_price; };

To represenbbjectpatternsin ODL;s, union and optional constructorsare used.
In particular theuni on constructois usedto represenbbjectpatterngdescribing
heterogeneousbjectsin the source. An exampleof useof the uni on construc-
tor in the ODL ;s classrepresentinghe Addr ess patternof the ED source(see
Figure2 is shavn in Figure4. Thesemantic®f theuni on constructoandof op-
tional attributesin ODL ;s will be discussedn the next section,usingthe OLCD
DescriptionLogics.

interface Address
( source sem structured
Eati ng_Source )

{ attribute string city;
attribute string street;
attribute string zipcode; };

uni on

{ string; };

Fig. 4. An exampleof uni on constructoin ODL ;3

2.3 TheOLCD DescriptionLogic

ODL;: descriptionsretranslatednto OLCD (ObjectLanguae with Complements
allowing Descriptivecycle$ descriptionan orderto performDescriptionLogics
inferenceghatwill be usefulfor semantiantegration.

In this sectionwe givethesyntaxof OLCD (thesemanticss givenin AppendixC);
Readersnterestedn aformalaccountanreferto [5].

Typesand SchemasWe assume countablesetof symbolsA of attributenames
(denotedvy a, ay, as, - . . ) andwe assume countablesetN of typenamegdenoted
by N, N1,Ny, ...), which includesthe setB = {l nt eger, Stri ng, Bool

Real } of base-typedesignatorgwhich will be denotedby B) andthe symbols
T, L. A pathp is eitherthe symbole¢, or a dot-separatedequencef elements
er. ey ---. eq, Wheree; € AU{A,3} (i =1,...,n). e denoteghe uniquepath
of lengthO. Let W denotethe setof all paths.

S(A, N) denoteghe setof all finite typedescriptiongdenoteddy S, Sy, Ss, .. .),
alsobriefly calledtypes over given A, N, obtainedaccordingto the following ab-
stractsyntaxrule, wherea; # a; for i # j (in thesequelp, p;, ps, ... , denotea
path,d denotesa basevalue,f denotesarelationaloperator):

S— N | Sl|_|52 | Sl|_|52 ‘ -5 ‘ {S}V ‘ {S}EI | [alel,...,ak:Sk] ‘ AS\de\pT



T denoteghe top type L denoteshe emptytype {}v and[ | denotethe usual
type constructorof setandrecord(tuple), respectiely. The { S} constructis an
existentialsetspecificationwhereat leastone elementof the setmustbe of type
S. The constructr standsfor intersection the constructLl standsfor union, the
construct- standsfor complementwhereas/\ constructsclassdescriptionsj.e.,
is an objectsetforming constructarpfd, p1 represenatomicpredicatespfd is a
range restrictionandp?t expressepathundefinedness

Givenasetof typedescription$S(A, N), aschemao over S(A, N) is atotal func-
tiono: N\(BU{T,L}) — S(A, N), whichassociate/penamego descriptions.
o is partitionedinto two functions:op, which introducegshe descriptionof primi-
tive type nameswvhoseextensionanustbe explicitly providedby theuser;andoy,,
which introducesthe descriptionof virtual type nameswhoseextensionscan be
recursvely obtainedrom the extensionof thetypesoccurringin their description.

In OLCD cyclic type namesareallowed:in fact, sinceatype namemay appeain
type descriptionswe canhave circular refeencesthatis, type namesvhich make
director indirectreferencego themseles.Giving a typeas setsemanticgo type
descriptionsPescriptionLogics,andthus OLCD, allows oneto provide relevant
reasoningechniquescomputingsubsumptiomelationsbetweentypes(i.e. “is-a”
relationshipamplied by type descriptions)decidingequivalencebetweentypes,
anddetectingnconsistenti.e., alwaysempty)types.

2.3.1 ODL;s to OLCDtranslation

In this section,we describehow ODL ;3 sourceschemalescriptionsaretranslated
into OLCD descriptions.

ODL ;3 classes.In generalaODL ;s classstranslatednto aOLCD primitiveclass
in a simpleway: eachattribute of the ODL ;s classbecomesan attribute of the
correspondin@LCD class.

For example ,theRest aur ant ODL;s classis translatedasfollows:

op(ES. Rest aur ant )=Ar _code: Stri ng,nanme: String,street:String,
Zi p.code:String,pers.id:Ilnteger,special dish:String,

cat egory :Integer,tourist_menuprice:lnteger ]
Someaspect®fanODL ;s classdeclarationsuchaskey r _code intheRest aur ant
ODL;s class,arenottranslatednto OLCD, but will beusedin the semantian-
formationintegration.
Union constructor. Theuni on constructoof ODL ;s is translatedisingthecon-
structLl of OLCD; for examplethe Addr ess patternof figure4 is translatedn
OLCD asfollows:

10



op(ES. Addr ess)=A (St ringtu
[city:String,street:String,zipcode:Stri ng])

Optional constructor. Theconstruct is alsousedto translateoptionalattributes
into OLCD. In fact,anoptionalattributeat t specifiegthata valuemayexist or
notfor agiveninstanceThisfactis expressedan OLCD astheunionbetweerthe
attributespecificatior(with its domain)andattributeundefinednesslenotedyt
operator{[attl: domainl]|llatt1f). Forexample,ntheFast Food interface,

theoptionalattributesaretranslatedasfollows:
op(ES. Fast Food)=A ([ name : Stri ng,addr ess : ES. Addr ess,

speci al ty : {String},category :String]n
([ phone : 1 nt eger ] L phonet) M
([ near by : ES. Fast _Food | U near by?) M
(Im dprice:lnteger JLUmdpricef)n
([ owner : ES. Omer | U ovvnerT))
Integrity constraint rules. An if thenintegrity constraintuleis integratednto an
OLCD classdescription by usingthen, L and— constructsFor example,the

rule:
rule Rulel forall X in Restaurant

(X. category > 5) then X tourist_nenu_price > 100;
Is addedo theES. Rest aur ant descriptionasfollows:
op(ES. Rest aurant ) =A ([ r_code:String,nane:String,street :String,

zip.code:String,pers.id:Ilnteger,special dish:String,
category :Integer,tourist_nmenuprice:lnteger |

(—(category > 5) L (touri st _nmenu_price > 100)))

Then,in our frameawork, integrity constraintsare statementsboutthe world
andnotaboutthe contentsof the databas@sin Reiters approact{37]. In other
words,aschemas composedby classes integrity constraint@andwe checkthe
consisteng of suchaschema.

Intensional relationships. They arenottranslated.

Extensionalrelationships. An “isa” relationships”; 1sa C, relatedto an Exten-
sionalrelationshipsaandexpressedn ODL ;s by therule:
rule Rule2 forall Xin ClL then Xin C2
is integratedin the C; classdescription,by usingthe rn construct:op(C)

Cyl...
Mapping Rules. They arenottranslated.

11



3 Reasoningabout ODL ;s schemadescriptions to build a Common The-
saurus

To develop intelligent techniquesfor semanticintegration, interschemaknowl-
edgebetweeninformationsourcesn the considereddomainhasto be identified
andproperlyrepresentedror this purposewe constructa CommonThesauruof
terminologicalintensionaland extensionalrelationshipsdescribinginterschema
knowledgeaboutODL s classesandattributesof sourceschemasThe Common
Thesauruprovidesareferencemnwhichto basetheidentificationof ODL ;s classes
candidateo integrationandsubsequerderivationof their globalrepresention.

In theCommonThesaurusye expressnter-schemanowledgein form of termino-
logical relationshipgsyN, BT, NT, andRT) andextensionakelationshipgSY N,
BT.z:, aNdNT,,; betweerclassesnd/orattribute names.

The CommonThesauruss constructedthrough an incrementalprocessduring
whichrelationshipsareaddedn thefollowing order:

(1) schema-derivedelationships
(2) lexical-derivedrelationships
(3) designersuppliedrelationships
(4) inferredrelationships

All theserelationshipsare addedto the CommonThesaurusandthusconsidered
in the subsequenphaseof semanticinformation integration (seenext section).
Terminologicalrelationshipsdefinedin eachstephold at the intensionallevel by
definition. Furthermorejn eachof the above stepthe designemay “strengthen”
aterminologicalrelationshipssyN, BT andNT betweertwo classeg’; andC, by
establishinghatthey hold alsoatthe extensionalevel, thusdefiningalsoanexten-
sionalrelationship.The specificationof an extensionalrelationship,on one hand,
implies the insertionof a correspondingntensionalrelationshipin the Common
Thesaurusnd,on the otherhand,enablesubsumptiorcomputation(i.e., inferred
relationshipspndconsisteng checkbetweertwo classes”; andCj.

3.1 Sdema-derivedelationships

In this step,we extract terminologicaland extensionalrelationshipsholding at
intra-schemaevel by analyzingeachODL ;2 schemaeparatelyin particular intra-
schemaT relationshipsreextractedirom thespecificatiorof foreignkeysin rela-
tional sourceschemasWhenaforeignkey is alsoaprimarykey bothin theoriginal
andin thereferencedelation,a BT/NT relationships extracted(e.g.,seeBi str o
andRest aur ant classesn theODL s descriptionseportedn AppendixB).

12



Example1 Considerthe ED andFD sourcesA subsetof intra-schemaelation-
shipsautomaticallyextractedis thefollowing:

(ED. Fast - Food RT ED. Oaner ),

(ED. Fast - Food RT ED. Addr ess),

(ED. Fast - Food RT ED. Fast - Food),

(FD. Rest aur ant RT FD. Per son),

(FD. Rest aur ant BT FD. Bi st r o),

(FD. Bi stroRT FD. Per sonj).

In thiscasethedesignestrengthsherelationship(FD. Rest aur ant BT FD. Bi st r 0)
to hold alsoat the extensionalevel, leadingto the definition of thefollowing rela-
tionship:( FD. Rest aur ant BT, FD. Bi stro).

3.2 Lexical-derivedinter-schemarelationships

In this step,terminologicaland extensionalrelationshipsholding at inter schema
level areextractedby analyzingODL ;s schemagsogether The extractionof these
relationshipgs baseduponthe lexical relationsholding betweenclassesand at-
tributesnamesgderving from the mining of usedwords.This is a kind of knowl-
edgewhich is not basedon the rules of a datadefinition languagebut derives
from the nameassignedy the designerlt is a designers taskto assigndescrip-
tive/meaningfuhamesor, atleast,correctlyinterpretablenamesAn interpretation
uncertaintyis thereforeénherentto thelanguageambiguity

Anyway knowledgeassociateavith schemanamess an opportunitythatmustbe
exploitedto extractrelationshipsAs it is almostimpossibleto carry out this task
manuallywhenthe numberand dimensionsof schemagrows, it was decidedto
experimentthe use of WordNet [32] lexical systemto extract intensionalinter-
schemaelationshipsandproposehemto the designer

Example 2 ConsidetheEDandFDsourcesTherelationshipsierivedusingWord-
Netarethefollowing:

(FD. Rest aur ant BT FD. Br asseri e),

(FD. Per son BT ED. Oaner ),

(ED. Omnner . nane BT FD. Per son. fi r st _nane),

(ED. Omner . nane BT FD. Per son. | ast _nane),

(ED. Fast - Food. nanme BT FD. Per son. fi r st _nane),
(ED. Fast - Food. nane BT FD. Per son. | ast _nane).

Note that, SYN relationshipsare also extractedfor the attributeshaving the same
namein thetwo sourceswhichareomittedfrom previoussetfor thesale of brevity.
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3.3 Designersuppliedinter-schemarelationships

In this step,new relationshipsanbe supplieddirectly by the designerto capture
specificdomainknowledgeaboutthe sourceschemasge.g.,new synoryms).

This is a crucial operation becausehe new relationshipsareforcedto belongto
the CommonThesaurusand thus usedto generatehe global integratedschema.
This meanghat,if anonsenser wrongrelationships insertedthe subsequern-
tegrationprocesanproducea wrongglobalschemaThefollowing Relationship
validationsectionshavs how our systemhelp the designelin detectingwrongre-
lationships.

Example 3 In our example,the designersuppliesthe following relationshipgor
classesndattributes:

(ED. Fast - Food SYN,; FD. Rest aur ant ),
(ED. Fast - Food. cat egory BT FD. Bi stro. type),
(ED. Fast - Food. speci al ty BT FD. Bi stro. speci al _di sh).

The definition of the relationship(ED. Fast - Food SYN,,; FD. Rest aur ant )
by thedesigneimpliestheautomatediefinitionof therelationship/ED. Fast - Food
SYN FD. Rest aur ant ) in theCommonThesaurus.

3.4 Relationshipwvalidation

In this step,ODB-Tools is employedto validateintensionalelationshipgetween
attribute namesandextensionarelationshipsbetweerclassnames.

Thevalidationof intensionakelationshipsetweenattribute namess basedn the
compatibilityof thedomainsassociateavith theattributes.This way, valid andin-
valid intensionarelationshipsaredistinguishedln particular let a; = (n;, d;) and
a, = (ng,d,) betwo attributes,with a nameanda domain,respectiely. The fol-
lowing checksareexecutedonintensionatelationshipslefinedfor attributenames
in the CommonThesaurus:

e (n; SYN n,): therelationships markedasvalid if d, andd, areequivalent,or if
oneis aspecializatiorof theother;

e (n; BT n,): therelationshipis marked asvalid if d; containsor is equivalentto
dg;

e (n; NT n,): therelationshigs markedasvalidif d, is containedn oris equivalent
to d,.
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Whenanattribute domaind; (d,) is definedusingtheuni on constructorasin the
Addr ess example(seeFigure4), avalid relationshipis recognizedf atleastone
domaind, (d,) is compatiblewith d, (d;).

Example4 Referringto our CommonThesaurusesultingfrom Examplesl to 3,
the outputof the validationphaseis the following (for eachrelationship,control
flag [1] denotesavalid relationshipwhile [0] aninvalid one):

(ED. Fast - Food. cat egory BT FD. Bi stro. type) [0]
(ED. Omner . nane BT FD. Per son. fir st _nane) [1]
(ED. Oaner . nane BT FD. Per son. | ast _nane) [1]
(ED. Fast - Food. speci al ty BT FD. Bi stro. speci al _.di sh) [1]
(ED. Fast - Food. nane BT FD. Per son. fi r st _nane) [1]
(ED. Fast - Food. nane BT FD. Per son. | ast nane) [1]

(ED. Fast - Food. cat egory syN FD. Rest aur ant . cat egor y)[0]

As anextensionalelationshipbetweenwo classe<’; and(, is integratedin the

descriptionof the classC', its validationis performedoy checkingthe consisteng

of theclass(,. Forexample theextensionatelationshipFD. Rest aur ant BT,; FD. Bi stro)
statedbeforeby the designelis expressedn the FD. Bi st r o classdescriptionas

follows:

op(FD. Bi stro)= FD. Rest aurant M

A[r_code:String,type:String,pers.d:Integer ]
Sincethe FD. Bi st r o classdescriptionis consistentthe relationshipbetween
FD. Bi st ro andFD. Rest aur ant is validated.On the otherhand,the exten-
sionalrelationship(ED. Fast - Food SYN.,; FD. Rest aur ant ) is rejected,as
the classdescription:

op(ED. Fast - Food) =FD. Rest aur ant ...

is inconsisten{the attribute cat egor y is definedin boththe classesut on dis-
joint domains)In the presencef integrity ruleslessintuitive incoherenciesnay
arise.

In this case the designemodifieshis statemenandonly the terminologicalrela-
tionship(ED. Fast - Food syN FD. Rest aur ant ) is keptin the CommonThe-
saurus.

3.5 Inferring new relationships

In this step,inferencecapabilitiesof ODB-Tools are exploited to infer new rela-
tionships,n orderto setup arich CommonThesauruso supporttheidentification
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Fig. 5. CommonThesaurusor Eat i ng andFood Source

of semanticallysimilar ODL ;s classesn differentsourcesaswill beshavnin next
section.

Example5 Relationshipsnferredin this steparethefollowing:

(FD. Bi st r o RT ED. Onner ),

(FD. Bi st r o RT ED. Addr ess),

(FD. Brasseri e RT ED. Addr ess),
(FD. Br asseri e RT FD. Per son),

(FD. Rest aur ant RT ED. Addr ess),
(ED. Fast - Food BT FD. Br asseri e),
(ED. Fast - Food BT FD. Bi str o),

(FD. Rest aur ant RT ED. Fast - Food),
(FD. Rest aur ant RT ED. Omner .)

A graphicalrepresentatiof the CommonThesaurudor ED and FD sourcess
reportedin figure 5, where solid lines representexplicit relationships(i.e., ex-
tracted/supplied)dashedines representnferredrelationshipsand subscriptsn-
dicatetheirkind.?

Notethat,duethe simplicity of theadoptedexample,mary of thediscoveredrela-
tionshipsaretrivial. Supposéo introduceanew patternintotheEat i ng Sour ce
in orderto shav anexampleof inferenceslueto extensionakelationships:

New- Food- patt ern = (New Food,{ nane, speci al ty, cat egory*})
TherelatedODL ;s classis :

i nterface ED. New Food
( source sem structured Eating_Source )
{ attribute string nane;
attribute set<string> specialty;

2 For thesale of simplicity, only relationshipsetweerclassnamesarereported.
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attribute string category*; };
Moreover, supposehatthe designesstateghefollowing extensionakelationship:
(ED. New Food BT,,; FD. Rest aur ant ).

This extensionalrelationshipis validatedas consistent;in fact the cat egory
attribute is optionalin ED. New Food. By exploiting subsumptiorcomputation
ODB-Toolsobtainghefollowing inferredrelationship{ED. New Food BT,,; FD. Bi stro

).

4 Semanticinformation integration

In this section,we describethe informationintegration process{o constructthe
global integratedview of ODL;s sourceschemasThe proposedprocessallows
semi-automatiedentificationof ODL ;s classexandidateo integrationby means
of clusteringproceduredasedon the conceptof affinity andon the relationship
knowledgein the CommonThesaurusMoreover, the processsupportsa semi-
automatedynthesiof eachselectedtlusterinto anintegratedglobalODL ;s class,
by handlingsemantideterogeneitthroughthedefinitionof suitablemappingules
for eachglobalclass.

4.1 Affinity of ODL;s classes

To integratethe ODL ;3 classe®f the differentsourcesnto globalODL ;: classes,
we employ hierarchicaklusteringtechniquedvasedn the concepbof affinity. This
way, we identify ODL s classeghatdescribethe sameor semanticallyrelatedin-
formationin differentsourceschemasndgive a measuref thelevel of matching
of their structure.

This actwity is performedwith the ARTEMIS tool ervironment. ARTEMIS has
beenconcevedfor asemi-automatintegrationof heterogeneoustructurediatabased 6].
In the context of MOMIS, the ARTEMIS affinity framevork hasbeenextended

and appliedto the analysisof ODL ;s schemadescriptionsin the following, we
describaheextensiondo theaffinity-basedclusteringto copewith objectpatterns
andsemistructuredataintegration.

ODL;: classesareanalyzedandcomparedy meansof affinity coeficientswhich
allow usto determinethe level of similarity betweenclassesn differentsource
schemasin particular ARTEMIS evaluatesa Global Affinity coeficientasthelin-
earcombinationof a NameAffinity coeficientanda Structuial Affinity coeficient,
respectrely.
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Tablel
NameAffinity coeficient

Coefficient | Value Condition

NA(c, ¢) A(ne,ne) | If A(ne,ne) >

0 if A(ne,ny) < «

Legend:
n¢, ne denotethenameof ¢ andd’, respecitiely.

«a is athresholdusedto selecthigh valuesof N A(c, ).

Affinity coeficientsfor ODL;s classesareevaluatedby exploiting terminological
relationshipsof the CommonThesaurusTo this end, a strengthoy, is assigned
to eachtype of terminologicalrelationship® in the Common Thesauruswith
osyN = og1/NT = ORT- In thefollowing, whennecessarywe usenotationo;,
to denotethestrengthof theterminologicalkelationshipR for termst; andt; in the
Thesaurusfurthermorewe useogyn = 1, ogT = onT = 0.8 andort = 0.5.
An affinity function A() is definedon top of the CommonThesaurugo evaluate
the affinity of two terms.The affinity A(¢,¢) of two termst¢ andt' is equalto
the highest-strengtipath of terminologicalrelationshipsetweenthem,if atleast
one pathexist, andis zerootherwise Giventwo termst andt’ anda path of ter-
minologicalrelationshipsetweenthem,the strengthof this pathis computedoy
multiplying the strengthof all terminologicalrelationshipsnvolvedin it. A(t,t')
coincideswith the strengthof the highest-strengtipathbetween: and¢#', denoted
by —™, thatis, A(t,t') = 0125 * 023y, * - - - * Om—1)m- IN thefollowing, we usethe
symbol~ to denotehefactthattwo termshave affinity in the CommonThesaurus.

Let c andc’ betwo ODL s classedelongingto sourcesS andS’ respectrely. Let
usnow definehow theaffinity coeficientsarecomputed.

4.1.1 NameAffinity coeficient

The NameAffinity coeficientof two ODL ;s classes andc/, denotedNA(c, ¢), is
themeasuref the affinity betweertheirnames», andn,., if this measurexceeds
aspecifiedhresholdseeTable4.1.1).

For ary pairsof classesNA(c, ¢) € [0,1]. NA(e, ) is equalto the strengthof
thepath—"™ of terminologicalelationshipsn the CommonThesaurugriginating
the higheststrengthvalue,if this valueexceedsa specifiedthresholdx (e.g.,a €
[0.4,0.6]). In this case the NameAffinity valueis proportionalto thelengthof the
pathandto thetype of relationshipsnvolvedin this path.In particular N A(c, ')
is 1 if only SYN relationshipsareinvolvedin a path.Otherwise N A(c/, ¢') is zero.

Example 6 Consideithe CommonThesaurudlustratedin figure5.
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NA(FD.Person, FD.Owner) = 0.8, sinceit corresponddo the highest-strength

pathFD.Person BT, FD.guner in the CommonThesaurus.

As anotherexample,the N A(FD.Restaurant, FD.Fast — Food) = 1, dueto the

path FD.Restaurant SYN Fp.Fast — Food, which is the one with the highest

strengthin the CommonThesaurus.

4.1.2 Structurl Affinity coeficient

TheStructuralAffinity coeficientof two ODL;: classes andc/, denotedSA(c, '),
is the measureof thelevel of matchingof ¢ and¢’ basedon attribute relationships
in the CommonThesaurugseeTable4.1.2).

Table2

StructuralAffinity coeficient

Coefficient | Value Condition
A(c),aq€A(c),ne~ A(c),aq€A(C ) ne~ -
SAc,d) |{at|ar€A(c),aq€A(c) nt‘Arzg‘\i—llxgczZ’I;z'te (¢),aq€A(),ni~mg}| | F, | if [C]#0
0 if |C|=0
Legend:

C ={(ar,aq) | a1 € A(c),aq € A(c),ny ~ ng}, whereA(c) andA(c') are

the setsof attributesin ¢ andc’, respectiely

F, = Hzedl f‘lg-‘l’(x)d H | controlfactorwhereflag(z) = 1 standsor avalid

terminologicalrelationshipn the CommonThesaurus

The StructuralAffinity coeficient returnsa valuein the range|0, 1] proportional
to the numberof attributesof the two classesvhosenameshave affinity in the
CommonThesaurustefinedby a controlfactor ... In particular F, evaluateshe
percentagef attributeshaving affinity that have a valid relationshipin the Com-
mon ThesaurugseestepValidationof relationshipsllustratedin Section3.4).
Thevalue( indicategheabsencef attributeswith affinity in theconsideredlasses,
while thevaluel indicateghatall attributesdefinedin thetwo classedave affinity
andareconsideredsalid. The greaterthe numberof attributeswith affinity in the
consideredlassesandthe greaterthe numberof positive validity controlresults,
thehigherthevalueof SA(c, ¢/).

In generalgiventwo classesanattribute of oneclassmayhave affinity with more
thanoneattribute of the otherclass.In the evaluationof the SA(e, ¢) coeficient,
we considerthesemultiple affinities asa single affinity correspondencbetween
oneattributeanda setof attributes.

For theevaluationof StructuralAffinity, optionalattributesof ODL ;s classesepre-
sentingobjectpatternsnustbeconsideregroperly Dependingonwhichattributes
aretakeninto accountthefollowing optionsarepossiblefor thecomputatiorof the
S A() coeficient:
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(1) All attribute-basedwith thisoption,optionalattributesaretreatedastheother
onesandarealwaystakeninto accountwhenevaluatingthe affinity of ODL ;s
classeslescribingobjectpatterns.

(2) Commonattribute-basedWith this option, optional attributesare not taken
into accounwhenevaluatingthe affinity.

(3) Threshold-basedwith this option, optional attributesaretakeninto account
for affinity evaluationonly if they arecommonto atleasta certainnumberof
objects(i.e., athreshold)of theconsideredbjectpattern.

Thethird optionis difficult to apply, sinceit requiressettingthevalueof athreshold,
which canbe dependenbn the specificobjectpatternor onthe source As for the
othertwo options,they have differentimplicationson the affinity valuesproduced.
Givena patternto becomparedthe seconddptiongivesaffinity valueshigherthan
the first one, in presenceof the samenumberof attribute pairs with affinity. In
fact,lessattributesareconsideretthedenominatoof the.S A() formulachoosing
option2). Ontheotherside,if mostattributesof anobjectpatternareoptional,then
theoptionl)is betterfor StructuralAffinity evaluation.Thechoicebetweerthefirst
two optionsdependson the specificapplicationunderanalysis.In our example,
we appliedboth optionsand we discussobtainedvaluesin the following, when
presentingesultsof clustering.

Example 7 Considerclasses€D. Oaner andFD. Per son. By applyingthe all
attribute-base@ption,we have that

2+1
S A(ED.Owner, FD.Person) = e 1=0.43
3+4
dueto thefollowing affinities:
ED. Omner . nane~{FD. Per son. fi r st name,FD. Per son. | ast nane}.

4.1.3 Global Affinity coeficient

The Global Affinity coeficient of two ODL;s classes: and¢/, denoted7 A(c, '),
is the measureof their affinity computedasthe weightedsum of the Nameand
StructuralAffinity coeficients(seeTable3).

Table3
Global Affinity coeficient

Coefficient | Value Condition

GA(e,d) | wya-NA(e,d)+wsa-SA(ce,d) | inall cases

Legend:
w4 andwgs 4, With wy 4, wsa € [0,1] andwya + wsa = 1, areintroduced

to assessherelevanceof eachcoeficientin computingthe globalaffinity value.
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Fig. 6. Exampleof affinity tree

Weightsin GA(c, ¢') allow theanalystto differentlystressheimpactof eachcoef-
ficientin the evaluationof the globalaffinity value.

Example8 The Global Affinity coeficient of ED. Omer and FD. Per son is
computedasfollows:

G A(ED.Owner, FD.Person) = 0.5- 0.8 + 0.5 - 0.43 = 0.61

usingwya = wga = 0.5, sincewe considerboth affinity coeficients equally
relevant.

4.1.4 Clusteringof ODL;s classes

To identify all the ODL ;s classesaving affinity in the consideredourceschemas,
we emplgy a hierarchicaklusteringtechniquewhich classifiesclassesnto groups
atdifferentlevelsof affinity, forming atree[23].

The hierarchicalclusteringprocedureusesa matrix M of rank K whereK is the
total numberof ODL,s classeso be analyzed.An entry M|h, k| of the matrix
representsheaffinity coeficientG A(cy, cx) betweerclasses;, andc.

Clusteringis iterative andstartsby placingeachclassin aclusterby itself. Then,at

eachiteration,the two clustershaving the greatesaffinity valuein M aremeiged.

M is updatedat eachmemging operationby deletingthe rows and the columns
correspondingo themeigedclustersandby insertinganew row andanew column

for thenewly definedclustercy,.. Theaffinity valuebetweery,,, andeachremaining
clustere in M is computedThe new valuebetweerr,, andaremainingclustere

is setto the maximumaffinity valuebetweerthe affinity valuesthatc, andc; had

with ¢ in M. The procedurderminatesvhenonly oneclusteris left andproduces
asthe outputa tree,whereleavescorrespondo ODL ;s classesaandintermediate
nodeshave anassociatealffinity valuecharacterizinghe underlyingleaves.

Figure6 shaws the affinity treeresultingfrom clusteringour setof ODL s classes
by usingtheall attribute-basednethod.
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Oncethe affinity treehasbeenconstructedanimportantissueis relatedto the se-
lectionof clustergo beintegratedfor the definitionof theglobal ODL ;z classe®f
theintegratedschemacClusterselections interactve,basednthenumericakffin-
ity valuesin the affinity tree.In particular ARTEMIS providesa threshold-based
mechanisnfor clusterselection.The designerspecifiesa valuefor a thresholdl’
andclusterscharacterizetly anaffinity valuegreatethanor equalto 7" areselected
andproposedo the designerHigh valuesof T" returnsmall, highly homogeneous
clusters By decreasing”s value,clusterscontainingmore ODL ;s classesanbe
selectedIn thetool, thedefault valueof 7' is setto 0.5. This default valuecanbe
refineddynamically on the basisof the characteristicef retrieved clustersand of
the specificapplicationunderanalysis.Onceclustershave beenselectedODL ;s
classeghathave an extensionakterminologicalrelationshipwith at leastoneclass
in the clusterandnot yet includedin it (if ary), areforcedto belongto the clus-
ter anyway, to defineanintegratedglobal ODL ;s classthatis representate of all
possiblesemanticallyelatedsourceclasses.

In our example,usingathresholdl” = 0.5, two clustersareautomaticallyselected,
namelyCl; andCl,, asshovn in Figure6. ClusterC!; containsall ODL ;s classes
describingdifferentkinds of eatingplace,while clusterCl, containsall ODL ;s
classeslescribingoersonsThesewo clusterarehighly homogeneouandcontain
all involvedclasseslsowith respecto extensionatelationshipsThedesignercan
confirmthis threshold-basedlusterselectionmadeby the tool for the subsequent
synthesisactuity.

4.2 Synthesignto anintegratedschemadescription

Thegeneratiorof globalODL ;s classe®utof selectectlusterds asynthesisactv-
ity performednteractvely with thedesignerSynthesi®f clustersof ODL ;s classes
requiresto take into accountsemanticheterogeneitywhich hasto betreatedprop-
erly to comeup with anintegratedanduniform representatioat the globallevel.
Let Cl; beaselectedtlusterin theaffinity treeandgc; theglobalODL ;s classto be
definedfor C'l;. First,we associatevith gc; asetof globalattributes,corresponding
to the union of the attributesof the classedelongingto CI;. The attributeshav-
ing a valid terminologicalrelationshipareunifiedinto a uniqueglobal attribute in
gc;. Theattribute unificationprocesss performedautomaticallyfor whatconcerns
namesaccordingo thefollowing rules:

o for attributesthathave a sy N relationshippnly onetermis selectecasthename
for the correspondingjlobalattributein gc;;

o for attributesthathave a BT/NT relationshipanamewhichis abroadertermfor
all of themis selectedandassignedo the correspondingjlobalattributein gc;.
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For example,the attribute unificationprocesdor clusterCl; of figure 6 automati-
cally produceghefollowing setof globalattributes:

name, address, phone*, specialty, category, nearby*, m dprice*,
owner *, speci al _di sh, street, zip.code, type, r_code, b_code,
pers_.id, tourist_menu_price

Thedesignercanaddmappingrulesto properlysettheglobalclass A globalclass
includesalso mappingrulesfor global attributes.A mappingrule is definedfor
eachglobalattributea of gc; andspecifies:

e Attribute correspondencei the cluster valuesof a dependson the attributes
that have beenunifiedinto a during the constructionof gc;. Mappingrulesare
definedto statefor a which attributesof the ODL ;s classesn the clusterunder
analysiscorrespondo a. In specifyingmappingrulesfor global attributes,the
following correspondencasnbe specified:

(1) And correspondencethis specifiesthat a global attribute correspondso the

concatenationf two or moreattributesof aclasse;, € C1;.

For example, by defining a mappingrule for the global attribute nane of

Cl,, the designerspecifiesthat a global attribute nane correspondso both
first_name andl ast _nane attributesof FD. Per son class.By specify-
ing the and correspondencketweerf i r st _nane andl ast _namne for the
globalattributenane, thedesignestateghatthevaluesof bothf i r st _nane

andl ast _nane attributeshaveto beconsidere@svaluesof nanme whenclass
FD. Per son is considered.

(2) Or correspondencehis specifieghata globalattribute correspondo at most
oneof theattributesof aclassc, € C1;. An or correspondends usefulwhena
globalattributeis suitablefor two or morelocal attributesof a sourcedepend-
ing onthevalueof anotherocal attribute, called“tag attribute”. For example,
let us supposeo have a clusterdescribinganaut onobi | e globalclassand
that classedn the clusterhave price valuesfor carsin Italian Lire and US
Dollars. Here,count r y is the tag attribute. In this example,it is possible
to definean or correspondencketweenthe attributesl t al i an_pri ce and
US pri ce by declaringthefollowing mappingrule:

attribute integer price
mappi ng rule(S.car.ltalian_price union
S.car.US price on Rulel),

rule Rulel { case of S.car.country:
““ltaly’’ : S.car.ltalian_price;
CruUS . S.car.US price; }
e Default/null values they are possiblydefinedfor local attributescorrespond-
ing to a, basedon the knowledgeof the singlelocal source|f a is not applica-
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i nterface Food_Pl ace
{attri butenane
mappi ng_rul e ED. Fast - Food. nane,
FD. Rest aur ant . nane,
FD. Br asseri e. nane;

attributecategory
mappi ng_rul e ED. Fast - Food. cat egory,
FD. Rest aur ant . cat egory,
FD. Bi stro. type;
attributespecialty
mappi ng_rul e ED. Fast - Food. speci alty,
FD. Rest aur ant . speci al di sh;
attributeaddress
mappi ng_rul e ED. Fast - Food. addr ess,
(FD. Restaurant . street and
FD. Rest aur ant . zi p.code and
FD. Brasseri e. addr ess) ;
attributeprice
mappi ng.rul e ED. Fast - Food. mi dpri ce,
FD. Rest aurant .t ouri st otenu_pri ce;
attributezone
mappi ngrul e ED. Fast - Food = ‘ Pacific Coast’’,

FD. Restaurant = ‘Atl antic Coast’,
FD.Bistro = ‘ Atlanti ¢ Coast’,
FD. Brasserie = ‘Atl antic Coast’;

Fig. 7. Exampleof globalclassspecificatiorin ODL ;3

ble in the consideredsource.For example,with referenceto Cl;, the mapping
rule definedfor the global attribute zone specifieghatthe objectsof the class
ED. Fast - Food regardthe“PacificArea”, while objectsof FD. Rest aur ant
andFD. Bi st r o whereverin the USA.

For eachglobalODL ;s classgc;, apersistenmappingtablestoringall themapping
informationis generatedAs anexample,the mappingtablefor the Food Pl ace
class,setby themappingrulesof figure 7, is shovn in figure8.

Integrity constraintrulescanalsobe specifiedfor global ODL ;: classego express
semanticrelationshipsholding amongthe different sources Supposehatin our
domain,a relationshipexists betweenthe cateyory andthe price of a food place.
For example,the factthatall the food placeswith a ‘High’ category have a price
higherthen$ 100canbe expressedy thefollowing integrity constraintule in the
globalschema:

rule Rule2 forall X in Food Place :
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Food Place code name | ... | zone

ED. Fast - Food | nul | name | ... | ‘Pacific Coast’
FD. Restaurant | r code | nanme | ... | ‘Atlantic Coast’
FD. Bi stro r _code | nul | ... | "Atlantic Coast’
FD. Brasserie | bcode |[name | ... |‘Atlantic Coast’

Fig. 8. Food_PI ace mappingtable
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| ARTEMIS
Global Schemaa - {-------""""
Builder Rt R
Query Managef~ - ‘ ODB-Tools
o Engine

.'

ODL 3 Interface
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D D R
29 ¢
O Y O

Fig. 9. Architectureof the MOMIS system

(X. category =*Hi gh') then X price > 100;

5 The MOMIS system

In this sectionwe describethe architectureof the MOMIS systemembeddinghe
proposedxtractionandintegrationtechniqguesndgive someconsiderationsn its
experimentatioranddesignchoices.

5.1 Architecture of the MOMIS system

TheMOMIS systemhasbeenconcevedasa pool of tools,to provide anintegrated
accesso heterogeneousformationstoredn traditionaldatabasege.g.,relational,
object-orientedr file systemsaswell asin semistructuredatasourcesMOMIS
is basedon the I? architecturg?2] (seefigure 9). At the bottomlayerwe have the
schema®f informationsourcesyhile the layersabove provide the semantidnte-
grationandthe coordinationmanagemengupport.Main component®f MOMIS
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arethefollowing:

e Wrappes. They areplacedontop of theinformationsourcesandareresponsible
for translatingthe schemaof the sourceinto the ODL ;s languageA wrapper
performsalsothetranslationof a queryexpressedn the ODL ;s languagento a
localrequesexecutableby the queryprocessoof the correspondingource.

e Mediator. It iscomposeaf two modulestheGlobal ShemaBuilder (GSB)and
theQueryManager (QM). TheGSBmoduleprocesseandintegrateSODL ;s de-
scriptionsreceved from wrappergo derive the integratedrepresentationf the
informationsourcesThe QM moduleperformsqueryprocessingandoptimiza-
tion. In particular it generateshe OQL;s queriesfor wrappersstartingfrom a
global OQL;: queryformulatedby the useron the global schemaUsing De-
scription Logics techniquesthe QM componentangeneraten an automatic
way thetranslationof theglobalOQL;s queryinto differentsub-queriespnefor
eachinvolvedlocal source.

e The ARTEMISTool Environmentatool basecn affinity andclustering[17,16],
whichperformsclassificatiorof ODL ;s classe$or thesynthesi®f globalODL ;s
classes.

e The ODB-Tools Engine a tool basedon the OLCD DescriptionLogics [5,8],
which performsschemavalidationfor the generatiorof the CommonThesaurus
andqueryoptimization.

5.2 Experimentatonsideations

Someactvities performedin MOMIS for informationsourceintegrationhave an

elementof subjectvity, asit is intuitive,dueto thefactthatthe knowledgeandex-

perienceof the designercanbe requiredto be sureto proceedcorrectly In partic-
ular, the specificatiorof inter-sourceterminologicalrelationshipsbothintensional
and extensional,and the affinity evaluationactuities are of this kind. Our effort

hasbeenthe one of makingtheseactwvities even moreobjectve, by providing in-

teractve functionalitiesas well as pre-definedool choicesby meansof default

parametewaluesthatcanbe however interactvely modifiedby designeif neces-
sary In thefollowing, we reportmainfeedback®f theexperimentatiorof MOMIS

toolson practicalintegrationexamples.

The goodnes®f affinity evaluationrelieson boththe linguistic correctnessf the
terminologicalrelationshipsandonthe parameter§i.e., strengthsyeights thresh-
olds)interveningin the calculationof the coeficientsandtheir relative values.Re-
gardingcorrectnes®f terminologicalrelationshipswe adoptan interactve con-
structionandvalidationof the CommonThesaurusvith ODB-Tools. In this way,

thedesigneicaninteractwith WordNetto selectthe mostappropriatéerminologi-
cal relationshipsto be forcedalsoat the extensionalevel if necessaryMoreover,

he cansupplyadditionalterminologicalelationshipgypical of applicationdomain
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underconsiderationif the onesretrievedfrom WordNetarenot sufficientto cover
all intersourcerelationshipghat hold amonganalyzedinformation sourcesRe-
gardingaffinity parametersthe affinity evaluationactwvity is alsointeractve and
weight-basedysingthe ARTEMIS tool ernvironment.This enableghe designeto
properlysetthe involved parametersindto validatethe choicesperformedoby the
toolin all stepsof theevaluationprocesgfor adetaileddescriptiorof theseaspects
thereadercanreferto [17]). ARTEMIS hasbeenexperimentedn differentsetsof
conceptuatlatabasschemadgo selecta setof default values(i.e., the oneswork-
ing satishctorily in mostcasesyor the variousparametergstrengthsthresholds,
weights)interveningin theaffinity andclusteringstagesThevaluesof terminolog-
ical relationshipstrengthsn the CommonThesaurusandof affinity weightsand
thresholdausedin the examplesof this papercorrespondo theseselectediefault
values.Default valuescan however be dynamicallyvaried by the designemwhen
necessarto tailor the affinity calculationto the specificintegrationcontets. As
a consequencemnostdifficult tasksinvolvedin the integrationprocesgesultsim-
plified in that semanticallyrelatedinformationis automaticallyidentifiedandthe
designelis askedfor a validationof the proposedesultsor, for ambiguoussitua-
tions, for a selectionamonga setof pre-definecchoices Moreover, the possibility
of interactingwith the tool to vary default parameteconfigurationsand compare
theirresults allowsthetuningof theintegrationprocessTheexperimentednterac-
tion with WordNetwassatistctoryin sourcesntegrationwhenthe schematao be
integratedhave “meaningfulnames”;in this case mostof theterminologicalinter-
schemaelationshipsareobtainedpreventingalot of boringwork for thedesigner
Ontheotherhand for mary legag/ applicationsadoptechamesarenotmeaningful.
In this case the automaticextractionof intra-schemaelationshipsandthe aid of
the systemin checkingconsisteng of explicitly givenrelationshipsaregoodaids
for thedesigner

A deepediscussiorof theexperimentatiomesultsof theuseof strengthenetermi-
nologicalrelationshipsandaffinity-basedclusteringof ARTEMIS for the integra-
tion of heterogeneousataschemasn theltalian PublicAdministrationdomain,is
reportedn [16,18].

6 Relatedwork

Worksrelatedto theissuedliscussedh this paperarein theareaof semistructured
dataandheterogeneousformationintegration.

Heterogeneousnformation integration.

In this area,mary projectsbasedon a mediatorarchitecturenave beendeveloped.
For example,the mediatorbasedT SIMMIS project[21] follows a ‘structural’ ap-
proachandusesa self-describingnodel (OEM) to represenheterogeneoudata
sourcesand patternmatchingtechniquego performa predefinedset of queries
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basedon a querytemplate.The semantidcknowledgeis effectively encodedn the
MSL (Mediator SpecificationLanguageYulesenforcingsourceintegrationat the
mediatorlevel. Althoughthe generalityand concisenesef OEM and MSL make
this approacha good candidatefor the integration of widely heterogeneouand
semistructuredhformationsourcesa majordravbackin suchanapproachs that
dynamicallyaddingsourceds an expensve task.In fact,new TSIMMIS sources
mustfirst be wrappedandthe mediatorruleshave to be redefinedo take into ac-
countnew knowledgeandtheir MSL definitionsrecompiled.The administratoiof
the systemmustfigure out whetherand how the new sourceshave to be assimi-
latedin the mediator In our case this informationis automaticallydiscoveredby
meansof clustering.MOMIS is basedon a mediatorarchitectureandfollows the
‘semanticapproach’ Following the classificatiorof integrationsystemsproposed
by Hull [28], MOMIS is in theline of the“virtual approach’andis in the category
of “read-onlyviews”, thatis, it is a systemwhosetaskis to supportanintegrated,
read-only view of datastoredin multiple sourcesThe mostsimilar projectsare:
GARLIC, SIMS[1], InformationManifold [30] andinfomastef26].

The GARLIC project[15] builds up ona complex wrapperarchitecturg¢o describe
thelocal sourcesvith anOOlanguagdGDL), andonthedefinitionof GarlicCom-
plex Objectsto manuallyunify thelocal sourcego definea globalschema.

The SIMS project[1] proposego createa global schemadefinition by exploiting
the useof DescriptionLogics (i.e., the LOOM language¥or describinginforma-
tion sourcesThe useof a globalschemaallows both GARLIC andSIMS projects
to supportevery possibleuserquerieson the schemansteadof a predefinedsubset
of them.

InformationManifold systen30], asthe MOMIS project,providesa sourceinde-
pendenandqueryindependeninediator The input schemaof InformationMani-
fold is a setof descriptionsof the sourcesGivena query the systemwill createa
planfor answeringhe queryusingtheunderlyingsourcedescriptionsAlgorithms
to decidethe usefulinformationsourcesandto generateghe queryplanhave been
implementedThe integratedschemas definedmainly manuallyby the designer
while in ourapproacht is tool-supported.

Infomaste[26] providesintegratedaccesso multiple distributedheterogenuom-
formationsourcegyiving the illusion of a centralizedhomogeneousmformation
systemlt is basedn aglobalschemagompletelymodeledoy theuser andacore
systemthat dynamicallydeterminesn efficient planto answerthe users queries
by usingtranslatiorrulesto harmonizepossibleheterogeneitieacrosghesources.

An approactbasednDescriptionLogicsandontologieds takenin theOBSER/ER
systento supportsemantianteroperatiorandformulationof rich queriesoverdis-

tributedinformationrepositoriesvheredifferentvocalulariesare used[31]. Here
theideais that eachrepositoryhasits own ontology Interontologyrelationships
arespecifiedin a declaratve way (usingDescriptionLogics)in aninter-ontology
managemoduleto handlevocalulary heterogeneitiebetweenontologiesof dif-

ferentinformationrepositoriedor queryprocessingln this respectpur Common

28



Thesauruplaysa similar role in thatwe specifyinter-sourceterminologicalrela-
tionships.The focushereis moreon representatioof inter-ontologyrelationships
to solve vocalulary problemsat the intensionaland extensionallevel for query
processingatherthanon usingtheserelationshipgor deriving anintegratedvir-
tual view of the underlyinginformation sourcesMoreover, in our approachwe
try to extractasmuchinformationaspossiblefrom sourcedescriptionsandfrom
WordNetandwe showv how thisinformationcanbeusedfor affinity evaluationand
integrationpurposes.

The analysis,discovery, andrepresentatiof inter-schemapropertiesis another
critical aspecbf theintegrationprocessandresearchproposaldave appearewn
thistopic.In [34], semi-automatitechniques$or discoveringsynoryms,homoryms
andobijectinclusionrelationshipgrom databasschemasredescribedndasemi-
automaticalgorithmfor integratingandabstractinglatabasechemess presented
in [35]. It is worth noticing that the designof systemdor informationgathering
from multiple sourcess also addressedn Atrtificial Intelligencethrough multi-
agentsystemg29], concentratingnainly on high level tasks(e.g., o-operation,
planning,beliefrevision) relatedto the extractionprocesg22].

Semistructured data. The issueof modeling semistructuredlata has beenin-

vestigatedn the recentliterature.In particular a surwey of problemsconcerning
semistructuredatamodelingandqueryingis presentedhn [10]. Two similar mod-

els for semistructurediatahave beenproposed12,36], basedon rooted,labeled
graphwith the objectsasnodesandlabelson edgesAccordingto the modelpre-

sentedn [12], informationresidesat labelsonly, while accordingto the “Object
ExchangeModel” (OEM) proposedoy Papalonstantinotet. al. in [36], informa-
tion alsoresidesatnodesVery similar proposafor modellingsemi-structuredata
comefromtheArtificial Intelligenceareg14], wherein analogywith ourapproach,
aDescriptionLogic is adopted.

Theissueof addingstructureto semistructuredlata,which is moredirectly con-
cernedwith our concepiof objectpattern hasalsobeeninvestigatedin particular
in [27], the notion of dataguide hasbeenproposedasa “loose descriptionof the
structureof the data” actually storedin aninformationsource. A proposatlto in-
fer structurein semistructuredlatahasbeenpresentedn [33], wherethe authors
usea graph-basediatamodel derived from [12,36]. In [10], a new notion of a
graphschemaappropriateor rooted,labeledgraphdatabasebasbeenproposed.
Themainusage®f the structureextractedfrom a semistructuregourcehave been
presentedor queryoptimization.In fact, the existenceof a pathin the structure
simplifiesqueryevaluationby limiting the queryonly to datathatarerelevant.In
this paperwe aremoreconcernedvith usageof the structurein form of objectpat-
ternsto supportheintegrationof semistructuredourcesith structuredlatabases.

More recently XML [9] hasemegedin the framewvork of informationrepresen-
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tation over the Web allowing the designeito explicitly point out semantiaole of
datawithin a source Here,the notion of DocumentType Definition (DTD) is in-
troducedto modelthe structureof a setof documentsDTDs play a role similar to
our objectpatternsaandcanbedirectly usedto derive the ODL ;s descriptionof the
informationassociateavith them.

Original contributions of our work. The original contrikution of the work pre-
sentedn this paperis relatedto the availability of a setof techniquedor the de-
signerto facecommonproblemsthatarisewhenintegratingpre-&isting informa-
tion sourcesgontainingboth semistructureéndstructureddata. Theideaof com-
bining reasoningcapabilitiesof DescriptionLogics with affinity-basedclustering
techniquess new andallowsboththevalidationof theinter-sourceknowledgeused
for the integrationandthe identificationof candidatego integrationin a way au-
tomatedasmuchaspossible Theinteractve exploitation of WordNetfrom within

our tools combinedwith subsequerdaffinity analysisis alsoa novel capabilityfor

anintegrationtool. In this way, we cantake into accountandinteractvely revise
semanticknowledgerelatedto the meaningof namesn the consideregourcede-
scription,aswell asthe structureof classesn sourceschemalescriptionsandtheir
level of matchingto comeup with as much information as possiblefor the ex-

tractionof globalintegratedclassesFurthermorewe provide the capabilityof ex-

plicitly introducingmary kindsof knowledgeas:integrity constraintsgxtensional
relationshipsandto checktheglobalconsisteng of implicit anddesigneprovided
knowledge.

7 Concluding remarks

In this paperwe have presente@ semi-automatedpproactio informationextrac-
tion andintegrationof heterogeneousformationsourcesThe ODL ;s Description
Logic-basedanguagss introducedfor informationextractionandintegration,by
takinginto accountalsosemistructuredhformationsourcesA DescriptionLogic
module (ODB-Tools engine)providesinferencecapabilitiesto constructa Com-
mon Thesauruf inter-sourceterminologicalrelationshipsand a clustergener
ator module (ARTEMIS tool ervironment)provides capabilitiesto identify can-
didatesto integrationfor the abstractionof global ODL;: classesThe proposed
approachhasbeenimplementedn the MOMIS systemfollowing a corventional
wrapper/mediatoarchitectureMOMIS providesasetof toolsandassociatetiech-
niquesfor performingsemanticintgration. MOMIS provides several techniques
and associatedools for helpingthe designerin the integrationof heterogeneous
informationsourcesandnot all suchtechniquesnay be necessaryn all integra-
tion processeslo copewith this point, an applicationwith a graphicalinterface,
calledSI-Designerhasbeendeveloped(to be presentect the demosessiorof the
VLDB2000[4]). SI-Designeiinterfacesall the employedtoolswith the goal of al-
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lowing an interactve and customizeduseof MOMIS techniquesy the designer
basednthe specificrequirementsf a givenintegrationprocess.

Futureresearchwill be devotedto the developmentof the Query Managercom-
ponentof MOMIS with queryoptimizationand“answercomposition”functionali-
ties,basedon definition of extensionalaxiomsandintegrity constraintslefinedon
global ODL ;s classesThis problemis known in the literatureas query rewriting
andqueryansweringusingviews, andhasbeenstudiedvery actively in therecent
years.Oneof the original aspect®f the QueryManagerwill consistan employ-
ing DescriptionLogics basedcomponentgi.e., ODB-Tools) to performsemantic
optimizationstepson bothon globalandlocal queriesto minimize the numberof
accessedourcesandthe volumeof datato beintegratedastheresultof sub-query
execution.Researchvill proceedalsoin thedirectionof designinganddeveloping
tools to help the designerin extensionalaxiom specificationandto reasonabout
specifiedaxioms,to increasehe knowledgeavailablefor the integrationprocess.
Themethodologythatis meanto beusedn orderto exploit extensionaknowledge
consistgn theidentificationof the “baseextensions” asrecentlyproposedy [38]
andin reasoningactvities performedby the DescriptionLogics componentThe
useof baseextensionand DescriptionLogics will allow to obtainsignificantre-
sultsin semantiqueryoptimization.Finally, theapproaclwill beextendedo take
into accountXML [9] datasources.
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A The ODL ;s description language

The following is a BNF descriptionfor the ODL ;s descriptionlanguage We in-
cludedthemainsyntaxfragmentsvhichdiffer fromtheoriginal ODL grammai(see
http://sparc20.dsi.unino.it/Mms/docunments/odli3syntax. pdf
for the completesyntax)

(interfacedcl) (interfaceheadey

{[{ interfacebody)] [union (interfacebody)]};
interface (identifier

[(inheritancespeg] [(type propertylist)]

. (scopednamé [, (inheritancespeg]

(interfaceheadey

(inheritancespeg

Local schemaatterndefinition: the wrappermustindicatethe kind andthe name
of the sourceof eachpattern.

(type propertylist) ([{sourcespeg] [(extentspeq] [(key_speq] [(f_key_speg])
(sourcespeg ;1= source (sourcetype) (sourcename

(sourcetype) = file | relational | nfrelational
| object | semistructured

(sourcename = (identifien

(extentspeg = extent(extentlist)

(extentlist) = (string | (string,(extentlist)

(key_speg = key[s] (key_list)

(f_key_speg = foreignkey ((f_key_list))

references(identifien [, (f_key_speg]

Globalpatterndefinitionrule, usedto maptheattributesbetweerthe globaldefini-
tion andthecorrispondingonesin thelocal sources.

(attr.dcl) ::= [readonly]attrib ute [(domaintypé)]
(attribute.name [*] [(fixed.arraysize)]
[(mappingrule_dcl)]

(mappingrule.dcl) ::= mapping_rule (rulelist)

(rulelist) ::= (rule) | (rule),(rulelist)

(rule) ::= (localattrname |*(identifien’
(andexpressioh |(union.expression

(andexpressioh ;1=  ((localattr_name and(andlist) )

(andlist) ::= (localattrname | (localattrname and (andlist)

(unionexpressioh ::= (({localattr-name union (unionlist) on (identifief)

(union.list) 1= (localattr-namé | (localattr_name union
union.list)

(
(localattr-name 1= (sourcename.(classname.(attribute_ name
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Relationshipsisedto definethe CommonThesaurus.

(relationshipdist) ;1= (relationshipdcl); | (relationshipdcl);
relationshipdist)

(
(
(locaLname (relationshiptype)
(
{

(relationshipsdcl)
locaLnamé

sourcename. (local classname
[.(localattr_-namé]
(intensionalrelationship |
(extensionalrelationship
(intensionalrelationship SYN|BT | NT |RT
(extensionalrelationship ::= SYN.E |BT_E|NT_E

(locaLname

(relationshiptype)

OLCD integrity constraintdefinition: declarationof rule (usingif thendefinition)
valid for eachinstanceof the data;mappingrule specificationor andunionspeci-
ficationrule).

(rule_list) (rule_dcl); | (rule_dcl); (rule_list)

(rule_dcl) rule (identifien (rule_speg¢

(rule_speg (rule_pre) then (rule_pos} | {(casedcl)}

(rule_pre) (forall) (identifien in (identifiep) : (rule_body list)

(rule_pos} (rule_body list)

(casedcl) caseof (identifief) : (caselist)

(caselist) (casespeg | (casespeg (caselist)

(casespeg (identifief) : (identifie) ;

(rule_body list) ({rule_bodylist)) | (rule_body) |
(rule_body list) and (rule_body) |
(rule_body list) and ((rule_body.list))

(rule_body) (dottedname (rule_constop) (literal_valug |
(dottedname (rule_constop)
(rule_casj (literal.valug |
(dottedname in (dottedname |
(forall) (identifien in (dottedname :
(rule_body list) | exists(identifien) in
(dottedname : (rule_body.list)

(rule_constop) = >|<> <

(rule_casj ({simpletype speg)

(dottedname (identifier) | (identifien. (dottedname

(forall) for all | forall
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B ODL ;s sourcesdescriptions

Eati ng_Source (ED):

i nterface Fast-Food i nterface Address
( source sem structured ( source sem structured
Eati ng_Source ) Eati ng_Source )

{ attribute string nane; { attribute string city;
attribute Address addr ess; attribute string street;
attribute integer phone*; attribute string zipcode;};
attribute set<string> specialty; uni on
attribute string cat egory; { string;};
attribute Restaurant nearby*;
attribute integer m dpri ce*;
attri bute Oaner owner *; };

interface Ower ( source sem structured Eating_Source )
{ attribute string name;

attribute Address address;

attribute string j ob; };

Food_Cui de_Source (FD):

i nterface Restaurant I nterface Person
( source relational Food Cuide ( source relational Food Cuide
key r_code key pers_id)
forei gn_key(pers_id) { attribute integer pers_id;
references Person ) attribute string first_nane;
{ attribute string r _code; attribute string |ast_nane;
attribute string name; attribute integer qualification;
attribute string street;
attribute string Zi p_code;
attribute integer pers_id;
attribute string speci al _di sh;
attribute integer cat egory;
attribute integer tourist_nmenu_price;};
interface Bistro interface Brasserie
( source rel ational Food_ Guide ( source rel ational Food Guide
key r_code key b_code )
forei gn_key(r_code) { attribute string b_code;
ref erences Restaurant, attribute string nane;
forei gn_key(pers_id) attribute string address;};
ref erences Person)
{ attribute string r _code;
attribute set<string> type;
attribute integer pers_id;};
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C OLCD : Inter pretationsand Databaselnstances

We assumethe union of the integers,the strings,the booleansandthe realsas
thesetD of basevalues To build comple values we furtherassumea countable,
setdisjoint from D, of objectidentifiers (denotedby o, 01, 09, ...). The setV of

all valuesover O is definedas the smallestset containingD and O, suchthat,

if v1,...,v, arevaluesthentheset{v, ... ,v,} is avalue,anda partialfunction
t: A — {vy,...,v,}isavalue.Thefunctiont is theusualtuplevalue;thestandard
notationfa, : vy, ... ,a,: vy Will behenceforttused.

Let =, #, >, <, >, < bethe equality inequalityandtotal orderrelations,denoted
by 0, definedasusualon D. Equalityandinequalitycanbe extendedrom D to all
V: theequalityoperator(=) hasthemeaningof identity, i.e., two objectsareequal
if they have thesamedentifier, two setsareequaliff they have equalelementstwo
tuples,sayv, = [a1: v1,...,0,: vp] @ndvy = [a]: vy, ... ,a: vg], areequalif
they have the sameattributesandequalattributelabelsaremappedo equalvalues.
Objectidentifiersareassigned/aluesby atotal valuefunctiond from O to V.

Let W denotethe setof all paths.Givena setof objectidentifiersO anda value
functiond, let 7: W — 2V*V afunctiondefinedasfollows:

e emptypath: J[e] = {(v,v) €V x V}

e singleelementath: J[a] = {(Ul,vg) EVXV|vi=[..,a:0.. .]}
JIA] = {(o,v) €0 xV|d(o) :v}
o multipleelemenpath: Je;. e2. ---. e, = Jle1] o Tles] 0 -+ 0 T|en]

whereo is the symbolof functioncomposition.

Notice that, for all p, J[p] is undefinedon setvalues.Let v be a valueandp be
a path.By J[p|(v) we meanthe uniquevalue (whenit exists) reachabldrom v
following p, thatis the valueof the partialfunction 7 [p] in v.

Let Zg bethe (fixed) standardnterpretationfunction from B to 2P. For a given
objectassignment, eachtype expressionS is mappedo a setof values(its in-
terpretation)An interpretationfunctionis afunctionZ from S to 2¥ satisfyingthe
following equations:

I[T] =V
Z[L] =10
Z[B] = Zg[B]
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I[{S}yl = {M | M C I[S]}
I{S}) = {M | M NI[S] # 0}

IMMSMUW%:&H:{tAf+VHw0€Iw¢1§i§m

Z[S1 N Ss] = Z[S1) N Z[S,]
Z[S; U So] = Z[S1] UZ[S,]
Z[-S1=V\Z[9]

ﬂAﬂ:%eOWQEﬂﬂ}

Z((p0d)) = {v € V| TIpl(v)0d
I[N ={v eV |v ¢ domT[p]}

Note that the interpretationof tuplesimplies an openworld semanticdor tuple
typessimilar to the one adoptedby Cardelli [13], andthat (p 1) selectsobjects
which do not have the path p. It shouldbe notedthanan interpretationdoesnot
necessarilymply that the extensionof a namedtype is identicalto the type de-
scription associatedvith the type namevia the schemao. For this purpose we
have to furtherconstrairtheinterpretatiorfunction: An interpretatiorfunctionZ is
alegal instanceof aschemar iff thesetO is finite, andfor all N € N:

Z|N] C Z[op(N)] if N € domop
Z[N| =Z[oy(N)] if N € domoy

Fromtheabove definition,we seethattheinterpretatiorof a primitive typenameis

includedin theinterpretatiorof its descriptionwhile theinterpretatiorof a virtual

typeis theinterpretationof its description.In otherwords,the interpretationof a
primitive type namehasto be providedby theuser accordingio thegivendescrip-
tion, while theinterpretatiorof avirtual type nameis dravn from its definitionand
from the interpretationof primitive type namesthuscorrespondingo a view in

databaseontext.

Givenatype S of aschemar, we saythat S is consistentf andonly if thereis a
legalinstanceZ of o suchthatZ[S] # (). Giventwo typesS;, S, of aschemar, we
saythatS; subsumes, iff Z[S;] D Z[S,] for all legalinstanced of 0. Consisteng
andsubsumptiortanbereducedo eachother accordingo thefollowing rules:S;
is subsumedy S, iff S; M —S; is inconsistentand S is consistentff it is not
subsumedy L. The consisteng problemis PSIACE-hard;in [5], an algorithm
for checkingthe consisteng of a type (which canalso be usedfor subsumption
computation)pasednthetableauxcalculus is given.
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