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1 Intr oduction

Developingintelligenttoolsfor theintegrationof informationextractedfrom multi-
pleheterogeneoussourcesis achallengingissueto effectivelyexploit thenumerous
sourcesavailableon-linein global,Internet-basedinformationsystems.Main prob-
lemsto befacedarerelatedto theidentificationof semanticallyrelatedinformation,
that is, informationdescribingthe samereal-world conceptin differentsources,
andto semanticheterogeneity. In fact, informationsourcesavailablein global in-
formationsystemsarepre-existing andhave beendevelopedindependently. Con-
sequently, semanticheterogeneitycanarisefor theaspectsrelatedto terminology,
structure,andcontext of theinformation,andhasto beproperlydealtwith during
integrationin orderto effectively andcorrectlyexploit theinformationavailableat
thesources.

Integrationandreconciliationof datacomingfrom heterogeneoussourcesis a hot
researchtopic in databases[28]. Severalcontributionsappearedin therecentliter-
ature,includingmethods,techniquesandtoolsfor integratingandqueryinghetero-
geneousdatabases[15,26,30,36].Theintegrationof structuredandsemistructured
datasourcespresentsnew problemsandchallenges:in this case,theheterogeneity
concernsnot only the semanticsof data,but also the degreeby which the struc-
ture of datais explicitly representedin the sources.The significantgrowing of
semi-structureddatasources(e.g.,Web documents)calls for the developmentof
methods,techniques,and languagesfor this new type of data[10,12,14].Thus,
the typical problemsof integrationshouldbe addressedin the light of thesenew
requirements.

Thegoalof informationextractionandintegrationtechniquesis toconstructsynthe-
sized,integrateddescriptions(i.e.,a globalvirtual view) of theinformationcoming
from multipleheterogeneoussources,to provide theuserwith a uniformqueryin-
terfaceagainstthesourcesindependentfrom their locationandthelevel of hetero-
geneityof theirdata.Moreover, to meettherequirementsof global,Internet-based
informationsystemswith a possiblyhigh numberof sourcesto beintegrated,it is
importantto developtool-assistedtechniques,to make informationextractionand
integrationactivitiessemi-automaticasmuchaspossible.

In thispaper, weproposeintelligent,semi-automatedtechniquesfor heterogeneous
informationextractionandintegration,by takinginto accountbothsemistructured
andstructureddatasources.Informationextractiontechniqueshavethegoalof pro-
ducinga semanticallyrich representationof sourceschemasin ODL �
� , anobject-
orientedlanguagederivedfrom thestandardODMG, with theunderlyingDescrip-
tion Logic OLCD (ObjectLanguagewith Complementsallowing Descriptive cy-
cles) [5,8], derived from the KL-ONE family [39]. In caseof semistructuredin-
formationsources,informationextractionproducesalsoobjectpatterns, that are
usedasschemainformationfor the sourceto generatethe correspondingODL � �
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description.

Informationintegrationtechniqueshave the goal of producingglobal, integrated
ODL �
� descriptionsof thesourcesin asemi-automatedway. Startingfromextracted
ODL �
� descriptionsof the informationsources,first a sharedCommonThesaurus
of validatedinter-sourceterminologicalrelationshipsis setup, by exploiting the
WordNetlexical system[32] andtheOLCD DescriptionLogic inferencecapabil-
ities. Basedon the relationshipsin the CommonThesaurus,affinity coefficients
areevaluatedwhich give a measureof the level of matchingof ODL �
� classesof
differentsourcesfor integration.Candidatesto integrationareidentifiedby apply-
ing affinity-basedclusteringto ODL �
� schemas.GlobalODL �
� classesarederived
from selectedclustersto provide an integrateddescriptionof the whole cluster.
Moreover, mappingrulesaredefinedfor globalODL �
� classesto expresstherela-
tionshipsholdingbetweenthemandODL �
� sourcedescriptions,respectively.

Techniquesdescribedin the paperareprovided in the framework of the MOMIS
(MediatorenvirOnmentfor Multiple InformationSources)[7] project� . Likeother
integrationprojects[1,15,30],MOMIS followsa “semanticapproach”to informa-
tion integrationbasedontheconceptualschemasof theinformationsources,andon
a mediatorcomponent.To provide an ��� [2] architecturefor integrationandquery
optimization,themediatorcomponentreliesontwo tools,namelyARTEMIS [17],
developedby Universityof Milano andUniversityof Brescia,andODB-Tools[6],
developedby Universityof ModenaeReggioEmilia.

Thepaperis organizedasfollows.In Section2,wedescribetheinformationextrac-
tion techniqueswith theODL � � language,andweintroducetheOLCD Description
Logic and its inferencecapabilities.In Section3, we describethe useof OLCD
to provide a CommonThesaurusof terminologicalrelationshipsdescribinginter-
sourceknowledge.In Section4,wedescribetheintegrationtechniquesfor building
the mediatorglobal schemaof consideredsources.In Section5, we describethe
architectureof the MOMIS systemandexperimentationissues.In Section6, we
make comparisonwith relatedwork. Finally, in Section7, we give our concluding
remarks.

2 Information extraction with ODL � �
An importantgoal of informationextractionis the constructionof a semantically
rich representationof theinformationsourcesto beintegratedby meansof a com-

� MOMIS is a joint projectamongthe Universit̀a di Modenae Reggio Emilia, the Uni-
versit̀a di Milano, andthe Universit̀a di Bresciawithin the nationalresearchproject IN-
TERDATA, themen.3 “Integrationof Informationover the Web”, coordinatedby V. De
Antonellis,Universit̀a di Brescia.
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Fig. 1. EatingSource(ED)

mondatamodel.In semanticapproachesto integration,this taskis performedby
wrappertools developedfor eachkind of datarepresentation,by consideringthe
conceptualschemaof agivensource.

For conventionalstructuredinformationsources(e.g.,relationaldatabases,object-
orienteddatabases),schemadescriptionis always available and can be directly
translatedinto the selectedcommondatamodel.For example,for flat files and
object-orienteddatabaseswrappersperforma syntactictranslation,while for the
relationaldatabasesthey arebasedon transformationrule-sets, asdescribedin [24]
for relationaltoODMGschemaconversion.Forsemistructuredinformationsources
(e.g.,Webdatasources),schemadescriptionis generallynot directly availablein
the sources.In fact, a basiccharacteristicof semistructureddatais that they are
“self-describing”.This meansthat the informationgenerallyassociatedwith the
schemais specifieddirectlywithin data[10].

Oneof thegoalsof informationextractionfor integrationwhensemistructuredin-
formationsourcesareinvolvedis to deriveandexplicitly representalsotheschema
of thesource.For thispurpose,weproceedasfollows.Accordingto themodelspro-
posedin literaturefor semistructuredinformationsources[10,36],asemistructured
sourceis representedasa rooted,labeledgraphwherenodescontaindata(e.g.,an
imageor free-formtext) and labellededgesdescribethe conceptrepresentedby
datain thecorrespondingnode.Figure1 shows anexampleof graph-basedrepre-
sentationof a semistructuredsource,calledEating Source, containinginfor-
mationrelatedto local fastfood.

In the graphmodel,a semistructuredobject (object,for short)canbe viewed as
a triple of the form ������������� �!� ��" �!��# �!$ , whereid is theobjectidentifier, label
is a stringdescribingwhat theobjectrepresents,andvalue is thevalue,thatcan
beatomicor complex. Theatomicvaluecanbe integer, real,string, image,while
the complex value is a setof pairs (id,label), whereid is an object identifier. A
complex objectcanbe thoughtasthe parentof all the objectsthat form its value
(childrenobjects).A givenobjectcanhaveoneor moreparents.Wedenotethefact
thatanobject %'&'( is a child objectof anotherobject %'& by %'&*) %'&�( andusenota-
tion label+,%'&.- to denotethe labelof %'& . With referenceto the sourcein Figure1,
thereis onecomplex root objectwith four complex childrenobjectsthatrepresent
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Fast-Food-pattern = (Fast-Food, � name,address,midprice /
phone / ,specialty,category,nearby / ,owner /0� )

Owner-pattern = (Owner, � name,address,job � )
Address-pattern = (Address, � street,city,zipcode � )

Fig. 2. Objectpatternsfor theED source

fast-foods.EachFast-Food objecthasanatomicobjectname, category and
specialty. Furthermore,someFast-Food objectshaveanatomicaddress
while someothera complex objectaddress, anatomicphone, a complex ob-
ject nearby (thatspecifiesthenearestfast-food),anda complex objectowner,
specifyingthename, theaddress andthejob of thefast-food’sowner.

To representtheschemaof a semistructuredsource1 , we introducethenotionof
object pattern. In semistructureddatamodels,labelsare descriptive as much as
possible.Furthermore,thesamelabel is generallyassignedto all objectsdescrib-
ing the sameconceptin 1 . All objects %'& of 1 arepartitionedinto disjoint sets,
denotedset2 , suchthatall objectsbelongingto thesamesethave thesamelabel 3 .
An objectpatternis thenextractedfrom eachsetto representall theobjectsin the
set.Formally, anobjectpatternis definedasfollows.

Definition 2.1(Object pattern) Let set2 be a set of objectsin a semistructured
source S havingthe samelabel 3 . Theobjectpatternof set2 is a pair of the form� l,A $ , where 3 is the label of the objectsbelongingto set2 , and 46567 label+,%'&�(8-
such that thereexistsat leastoneobject %'&:9 set2 with %'&;) %'&'( .
Fromthis definition,anobjectpatternis representative of all differentobjectsthat
describethe sameconceptin 1 . In particular, label 3 of anobjectpatterndenotes
the conceptand set 4 of an object patterndenotesthe properties(or attributes)
characterizingtheconceptin thesource.Sincesemistructuredobjectscanbehet-
erogeneous,labelsin 4 correspondto child object that can be definedonly for
someof the objectsin set2 , but not for all. We call suchkind of labels“optional”
anddenotethemwith symbol“*”.

With respectto theED sourceof Figure1, threeobjectpatternsareextracted(see
Figure2):Fast-Food, representingobjectsdescribingeatingplaces;Owner rep-
resentingobjectsdescribingpeopleinvolved;Address, representingobjectsde-
scribingaddresses.TheextractionprocessproducesalsotheAddress patternto
take into accountthedifferentstructureof theAddress objectsin theED source
(i.e., in semistructuredobjects< , = , and > addressis atomicwhile in object ? it is
complex).
An objectpatterndescriptionfollows anopenworld semanticstypical of theDe-
scriptionLogic approach[39]. Objectsconformingto a patternsharea common
minimalstructurerepresentedby nonoptionalproperties,but canhavefurtheraddi-
tional (i.e.,optional)properties.In thisway, objectsin asemistructureddatasource
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FoodGuide Database(FD)

Restaurant(r code, name, street, zip code, pers id,

special dish, category, tourist menu price)

Bistro(r code, type, pers id)

Person(pers id, first name, last name,

qualification)

Brasserie(b code, name, address)

Fig. 3. FoodGuideDatabase(FD)

canevolve andaddnew properties,but they will beretrievedasvalid instancesof
thecorrespondingobjectpatternwhenprocessingaquery.

2.1 Runningexample

We considertwo sourcesin the RestaurantGuide domain,storing information
aboutrestaurants.TheEating Source guidebook(ED) is semistructuredand
containsinformationaboutfast foodsof the westcoast,their menu,quality, and
so on. A portion of this sourcehasbeenalreadyshown in Figure1. The Food
Guide Database(FD) is a relationaldatabasecontaininginformationaboutUSA
restaurantsfrom a wide varietyof publications(e.g.,newspaperreviews, regional
guidebooks).The schemaof this sourceis composedof four relations(seefig-
ure 3), namely, Restaurant, Bistro, Person, andBrasserie. Informa-
tion relatedto restaurantsis maintainedinto theRestaurant relation.Bistro
instancesarea subsetof Restaurant instancesandgive informationaboutthe
small informal restaurantsthat serve wine. EachRestaurant andBistro is
managedby a Person. Information aboutplaceswheredrinks and snacksare
servedonarestoredin theBrasserie relation.

2.2 TheODL� � language

For a semanticallyrich representationof sourceschemasandobjectpatternsasso-
ciatedwith informationsourcesto be integrated,we introducean object-oriented
language,calledODL �
� . Accordingto recommendationsof ODMG andto thedif-
fusionof � � /POB [2,20], the objectdatamodelODL �@� is very closeto the ODL
language.ODL �
� is asourceindependentlanguageusedfor informationextraction
to describeheterogeneousschemasof structuredandsemistructureddatasources
in a commonway.
ODL � � introducesthefollowing mainextensionswith respectto ODL:
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Union constructor. The union constructor, denotedby union, is introducedto
expressalternative datastructuresin thedefinitionof anODL �@� class,thuscap-
turingrequirementsof semistructureddata.An exampleof its usewill beshown
in thefollowing.

Optional constructor. Theoptionalconstructor, denotedby (*), is introducedfor
classattributesto specifythatanattributeis optionalfor aninstance(i.e.,it could
be not specifiedin the instance).This constructortoo hasbeenintroducedto
capturerequirementsof semistructureddata.An exampleof its usewill beshown
in thefollowing.

Integrity constraint rules. This kind of rule is introducedin ODL �
� in order to
express,in a declarative way, if thenintegrity constraintrulesat both intra- and
inter-sourcelevel.

Intensional relationships. They areterminological relationshipsexpressinginter-
schemaknowledgefor thesourceschemas.Intensionalrelationshipsaredefined
betweenclassesandattributes,andarespecifiedby consideringclass/attribute
names,calledterms.Thefollowing relationshipscanbespecifiedin ODL � � :A SYN (Synonym-of), definedbetweentwo terms BDC and BFE , with BDCHG5IBFE , that

are consideredsynonyms in every consideredsource(i.e., BDC and BFE can be
indifferentlyusedin everysourceto denoteacertainconcept).A BT (BroaderTerms),or hypernymy, definedbetweentwo terms BDC and BFE such
as BDC hasa broader, moregeneralmeaningthan BFE . BT relationshipis not sym-
metric.Theoppositeof BT is NT (NarrowerTerms),or hyponymy.A RT (RelatedTerms),or positiveassociation,definedbetweentwo terms BDC andBFE thataregenerallyusedtogetherin thesamecontext in theconsideredsources.

An intensionalrelationshipsis only a terminologicalrelationship,with no im-
plicationson the extension/compatibilityof the structure(domain)of the two
involved classes(attributes).Consequently, our notion of intensionalrelation-
shipsis differentfrom theoneproposedby CatarciandLenzerini[19], wherean
intensionalrelationshipshassomeextensionalimport.

Extensionalrelationships. IntensionalrelationshipsSYN, BT andNT betweentwo
classesJ � and JLK maybe“strengthened”by establishingthatthey arealsoexten-
sional relationships[19]. Consequently, the following extensionalrelationships
canbedefinedin ODL � � :A J � SYN MFNPOQJLK : thismeansthattheinstancesof J � arethesameof JLK .A J � BT MRNPO�JLK : thismeansthattheinstancesof J � areasupersetof theinstances

of JLK .A J � NT MRNPOSJLK : this meansthat the instancesof J � area subsetof the instances
of JLK .
Moreover, extensionalrelationships“constrain”thestructureof thetwoclassesJ � and JLK , thatis J � NT MFNPOTJLK is semanticallyequivalentto an“isa” relationship.

As to summarize:A anextensionalrelationshipJ � NT MFNPOUJLK is equivalentto an “isa” relationshipJ � ISA JLK plusanintensionalrelationshipsJ � NT JLK ;A anextensionalrelationshipJ � BT MFNPOVJLK is equivalentto an “isa” relationshipJLK ISA J � plusanintensionalrelationshipsJ � BT JLK ;
7



A an extensionalrelationshipJ � SYN MRNPOWJLK is equivalentto two “isa” relation-
ships J � ISA JLK and JLK ISA J � plusanintensionalrelationshipsJ � SYN JLK .

An “isa” relationshipsJ � ISA JLK is expressiblein ODL � � by the following in-
tegrity constraintrule:

rule Rule2 forall X in C1 then X in C2
Mapping Rules. Thiskind of rule is introducedin ODL � � in orderto expressrela-

tionshipsholdingbetweentheintegratedODL � � schemadescriptionof theinfor-
mationsourcesandtheODL � � schemadescriptionof theoriginalsources.These
ruleswill beillustratedin detailin Section4, togetherwith examplesof use.

Theextractionprocesshasthegoalof translatingobjectpatternsandsourceschemas
into ODL �
� descriptions.Translationis performedby a wrapper. Moreover, the
wrapperis alsoresponsiblefor addingthe sourcenameandtype (e.g.,relational,
semistructured).Thetranslationinto ODL �
� , on thebasisof theODL �@� syntax(see
AppendixA) andof theschemadefinitionis performedby thewrapperasfollows.
Givena relationof a relationalsourceor a pattern �,3D�04;$ , translationinvolvesthe
following steps:i) anODL �
� classnamecorrespondsto therelationnameor to 3 ,
respectively, andii) for eachrelationattributeor label 3 ( 9X4 , anattributeis defined
in the correspondingODL � � class.Furthermore,attribute domainsareextracted.
Structureextractioncanbeperformedasproposedin [11,33].

As an example,below we report the ODL �
� representationof the ED.Fast-
Food objectpatternandof theFD.Restaurant relation.ThecompleteODL �
�
schemasrepresentationof theED andFD sourcesarereportedin AppendixB.

interface ED.Fast-Food
( source semistructured Eating_Source )

{ attribute string name;
attribute Address address;
attribute integer phone*;
attribute set<string> specialty;
attribute string category;
attribute Fast-Food nearby*;
attribute integer midprice*;
attribute Owner owner*; };

interface FD.Restaurant
( source relational Food_Guide )
key r_code
foreign_key(pers_id) references Person )
{ attribute string r_code;

attribute string name;
attribute string street;
attribute string zip_code;
attribute integer pers_id;
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attribute string special_dish;
attribute integer category;
attribute integer tourist_menu_price; };

To representobjectpatternsin ODL � � , union andoptionalconstructorsareused.
In particular, theunion constructoris usedto representobjectpatternsdescribing
heterogeneousobjectsin the source.An exampleof useof theunion construc-
tor in the ODL �
� classrepresentingtheAddress patternof theED source(see
Figure2 is shown in Figure4. Thesemanticsof theunion constructorandof op-
tional attributesin ODL �
� will be discussedin the next section,usingthe OLCD
DescriptionLogics.

interface Address
( source semistructured

Eating_Source )
{ attribute string city;

attribute string street;
attribute string zipcode; };

union
{ string; };

Fig. 4. An exampleof union constructorin ODL �@�
2.3 TheOLCDDescriptionLogic

ODL �
� descriptionsaretranslatedintoOLCD (ObjectLanguagewith Complements
allowing Descriptivecycles) descriptionsin orderto performDescriptionLogics
inferencesthatwill beusefulfor semanticintegration.

In thissection,wegivethesyntaxof OLCD (thesemanticsis givenin AppendixC);
Readersinterestedin a formalaccountcanreferto [5].

Typesand Schemas.We assumea countablesetof symbolsY of attributenames
(denotedby Z[�0Z � �PZ�K'�]\]\]\ ) andweassumeacountableset ^ of typenames(denoted
by _ , _ � , _`K , \]\a\ ), which includesthe set b 5 c Integer � String � Bool �
Real d of base-typedesignators(which will be denotedby e ) and the symbolsf

, g . A path h is either the symbol i , or a dot-separatedsequenceof elementsj � . j K . k'k'k . jal , where j CW9mYonpcrqs�utvdw+Fxy5{zr�]\a\]\|�0}|- . i denotestheuniquepath
of length0. Let ~ denotethesetof all paths.� +FY��P^�- denotesthesetof all finite typedescriptions(denotedby 1 , 1 � , 1QK , \]\]\ ),
alsobriefly calledtypes, over given Y��P^ , obtainedaccordingto thefollowing ab-
stractsyntaxrule, where ZrC:G5�Z�E for x*G5�� (in thesequelh , h � , h�K , \]\]\ , denotea
path, � denotesabasevalue, � denotesa relationaloperator):

1�) _���1 �[� 1QK`�.1 ��� 1QK����W1���c�1�da����c�1�d����!��Z �!� 1 � ��\]\]\��PZ�� � 1Q�����rqH1��uh[�����Ph.�
9



f
denotesthe top type, g denotesthe emptytype, c�d � and �[� denotethe usual

typeconstructorsof setandrecord(tuple),respectively. The c�1�d � constructis an
existentialsetspecification,whereat leastoneelementof thesetmustbeof type1 . The construct � standsfor intersection, the construct� standsfor union, the
construct� standsfor complement, whereasq constructsclassdescriptions,i.e.,
is anobjectsetforming constructor. h��.� , h[� representatomicpredicates: h[�.� is a
rangerestrictionandh.� expressespathundefinedness.

Givenasetof typedescriptions
� +FY��P^�- , aschema  over

� +RY��0^�- is a total func-
tion   � ^m¡|+Fb¢n£c f �ug�d�-y) � +FY��P^�- , whichassociatestypenamestodescriptions.  is partitionedinto two functions:  �¤ , which introducesthedescriptionof primi-
tive typenameswhoseextensionsmustbeexplicitly providedby theuser;and  [¥ ,
which introducesthe descriptionof virtual type nameswhoseextensionscanbe
recursively obtainedfrom theextensionof thetypesoccurringin theirdescription.

In OLCD cyclic typenamesareallowed:in fact,sincea typenamemayappearin
typedescriptions,wecanhavecircular references, thatis, typenameswhichmake
director indirect referencesto themselves.Giving a typeassetsemanticsto type
descriptions,DescriptionLogics,andthusOLCD, allows oneto provide relevant
reasoningtechniques:computingsubsumptionrelationsbetweentypes(i.e. “is-a”
relationshipsimplied by type descriptions),decidingequivalencebetweentypes,
anddetectinginconsistent(i.e.,alwaysempty)types.

2.3.1 ODL�
� to OLCDtranslation

In this section,we describehow ODL � � sourceschemadescriptionsaretranslated
into OLCD descriptions.

ODL �@� classes.In general,aODL �
� classis translatedintoaOLCDprimitiveclass
in a simpleway: eachattributeof the ODL �
� classbecomesanattribute of the
correspondingOLCD class.

For example,theRestaurant ODL � � classis translatedasfollows: �¤ (ES.Restaurant)= q [r code: String, name: String, street: String,

zip code : String, pers id : Integer, special dish : String,

category : Integer, tourist menu price : Integer ]
Someaspectsof anODL �
� classdeclaration,suchaskey r code in theRestaurant
ODL �
� class,arenot translatedinto OLCD, but will beusedin thesemanticin-
formationintegration.

Union constructor. Theunion constructorof ODL �
� is translatedusingthecon-
struct � of OLCD; for example,theAddress patternof figure4 is translatedin
OLCD asfollows:

10



 �¤ (ES.Address)= q§¦ String �
[city: String, street: String, zipcode: String ] ¨

Optional constructor. Theconstruct� is alsousedto translateoptionalattributes
into OLCD. In fact,anoptionalattributeatt specifiesthata valuemayexist or
notfor agiveninstance.Thisfactis expressedin OLCD astheunionbetweenthe
attributespecification(with its domain)andattributeundefinedness, denotedby�
operator:+©�ª�.«�«|¬ � ��­'®�� �]¯°¬'� � �r«�«Q¬±�!- . Forexample,in theFast Food interface,
theoptionalattributesaretranslatedasfollows: �¤ (ES.Fast Food) = q�¦ [ name : String, address : ES.Address,

specialty : c�².«T³��]¯!´vd , category : String ] �
([ phone : Integer ] � phone� ) �
([ nearby : ES.Fast Food ] � nearby� ) �
([ midprice : Integer ] � midprice� ) �
([ owner : ES.Owner ] � owner� ) ¨

Integrity constraint rules. An if thenintegrity constraintrule is integratedinto an
OLCD classdescription,by usingthe � , � and � constructs.For example,the
rule:
rule Rule1 forall X in Restaurant :

(X.category > 5) then X.tourist_menu_price > 100;
is addedto theES.Restaurant descriptionasfollows: �¤ (ES.Restaurant) = q ¦ [ r code : String, name : String, street : String,

zip code : String, pers id : Integer, special dish : String,

category : Integer, tourist menu price : Integer ] �+R�µ+ category ¶�·r- � + tourist menu price ¶ 100 -�- ¨
Then,in our framework, integrity constraintsarestatementsabouttheworld

andnot aboutthecontentsof thedatabaseasin Reiter’s approach[37]. In other
words,aschemais composedby classes+ integrity constraintsandwecheckthe
consistency of suchaschema.

Intensional relationships. They arenot translated.
Extensionalrelationships. An “isa” relationshipsJ � ISA JLK relatedto anExten-

sionalrelationshipsandexpressedin ODL �
� by therule:
rule Rule2 forall X in C1 then X in C2
is integratedin the J � classdescription,by using the � construct: �¤W+FJ � -H5JLK � \]\]\

Mapping Rules. They arenot translated.
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3 Reasoningabout ODL �
� schemadescriptions to build a Common The-
saurus

To develop intelligent techniquesfor semanticintegration, inter-schemaknowl-
edgebetweeninformationsourcesin the considereddomainhasto be identified
andproperlyrepresented.For this purpose,we constructa CommonThesaurusof
terminologicalintensionalandextensionalrelationships,describinginter-schema
knowledgeaboutODL �
� classesandattributesof sourceschemas.The Common
Thesaurusprovidesareferenceonwhichtobasetheidentificationof ODL �
� classes
candidateto integrationandsubsequentderivationof theirglobalrepresention.

In theCommonThesaurus,weexpressinter-schemaknowledgein form of termino-
logical relationships(SYN, BT, NT, andRT) andextensionalrelationships(SYN MFNPO ,
BT MRNPO , andNT MFNPO betweenclassesand/orattributenames.

The CommonThesaurusis constructedthroughan incrementalprocessduring
whichrelationshipsareaddedin thefollowing order:

(1) schema-derivedrelationships
(2) lexical-derivedrelationships
(3) designer-suppliedrelationships
(4) inferredrelationships

All theserelationshipsareaddedto the CommonThesaurusandthusconsidered
in the subsequentphaseof semanticinformation integration (seenext section).
Terminologicalrelationshipsdefinedin eachstephold at the intensionallevel by
definition.Furthermore,in eachof the above stepthe designermay “strengthen”
a terminologicalrelationshipsSYN, BT andNT betweentwo classesJ � and JLK by
establishingthatthey holdalsoat theextensionallevel, thusdefiningalsoanexten-
sionalrelationship.Thespecificationof anextensionalrelationship,on onehand,
implies the insertionof a correspondingintensionalrelationshipin the Common
Thesaurusand,on theotherhand,enablesubsumptioncomputation(i.e., inferred
relationships)andconsistency checkbetweentwo classesJ � and JLK .
3.1 Schema-derivedrelationships

In this step,we extract terminologicaland extensionalrelationshipsholding at
intra-schemalevel by analyzingeachODL � � schemaseparately. In particular, intra-
schemaRT relationshipsareextractedfrom thespecificationof foreignkeysin rela-
tionalsourceschemas.Whenaforeignkey is alsoaprimarykey bothin theoriginal
andin thereferencedrelation,a BT/NT relationshipis extracted(e.g.,seeBistro
andRestaurant classesin theODL �
� descriptionsreportedin AppendixB).
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Example1 ConsidertheED andFD sources.A subsetof intra-schemarelation-
shipsautomaticallyextractedis thefollowing:� ED.Fast-Food RT ED.Owner $ ,� ED.Fast-Food RT ED.Address $ ,� ED.Fast-Food RT ED.Fast-Food $ ,� FD.Restaurant RT FD.Person $ ,� FD.Restaurant BT FD.Bistro $ ,� FD.Bistro RT FD.Person $ .
In thiscase,thedesignerstrengthstherelationship� FD.Restaurant BT FD.Bistro $
to hold alsoat theextensionallevel, leadingto thedefinitionof thefollowing rela-
tionship: � FD.Restaurant BT MRNPO FD.Bistro $ .

3.2 Lexical-derivedinter-schemarelationships

In this step,terminologicalandextensionalrelationshipsholdingat inter- schema
level areextractedby analyzingODL �
� schemastogether. Theextractionof these
relationshipsis basedupon the lexical relationsholding betweenclassesandat-
tributesnames,deriving from themining of usedwords.This is a kind of knowl-
edgewhich is not basedon the rules of a datadefinition languagebut derives
from the nameassignedby the designer. It is a designer’s taskto assigndescrip-
tive/meaningfulnamesor, at least,correctlyinterpretablenames.An interpretation
uncertaintyis thereforeinherentto thelanguageambiguity.

Anyway knowledgeassociatedwith schemanamesis anopportunitythatmustbe
exploited to extract relationships.As it is almostimpossibleto carryout this task
manuallywhen the numberanddimensionsof schemagrows, it wasdecidedto
experimentthe useof WordNet [32] lexical systemto extract intensionalinter-
schemarelationshipsandproposethemto thedesigner.

Example2 ConsidertheED andFD sources.TherelationshipsderivedusingWord-
Netarethefollowing:

� FD.Restaurant BT FD.Brasserie $ ,� FD.Person BT ED.Owner $ ,� ED.Owner.name BT FD.Person.first name $ ,� ED.Owner.name BT FD.Person.last name $ ,� ED.Fast-Food.name BT FD.Person.first name $ ,� ED.Fast-Food.name BT FD.Person.last name $ .
Note that, SYN relationshipsarealsoextractedfor the attributeshaving the same
namein thetwosources,whichareomittedfromprevioussetfor thesakeof brevity.
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3.3 Designer-suppliedinter-schemarelationships

In this step,new relationshipscanbesupplieddirectly by thedesigner, to capture
specificdomainknowledgeaboutthesourceschemas(e.g.,new synonyms).
This is a crucial operation,becausethe new relationshipsareforcedto belongto
the CommonThesaurusandthususedto generatethe global integratedschema.
Thismeansthat,if anonsenseor wrongrelationshipis inserted,thesubsequentin-
tegrationprocesscanproducea wrongglobalschema.Thefollowing Relationship
validationsectionshows how our systemhelp thedesignerin detectingwrongre-
lationships.

Example3 In our example,the designersuppliesthe following relationshipsfor
classesandattributes:

� ED.Fast-Food SYN MFNPO FD.Restaurant $ ,� ED.Fast-Food.category BT FD.Bistro.type $ ,� ED.Fast-Food.specialty BT FD.Bistro.special dish $ .
The definition of the relationship � ED.Fast-Food SYN MRNPO FD.Restaurant $
by thedesignerimpliestheautomateddefinitionof therelationship� ED.Fast-Food
SYN FD.Restaurant $ in theCommonThesaurus.

3.4 Relationshipsvalidation

In this step,ODB-Tools is employedto validateintensionalrelationshipsbetween
attributenamesandextensionalrelationshipsbetweenclassnames.

Thevalidationof intensionalrelationshipsbetweenattributenamesis basedon the
compatibilityof thedomainsassociatedwith theattributes.Thisway, valid andin-
valid intensionalrelationshipsaredistinguished.In particular, let ZrO¸5o�R}�O
�P�rOF$ andZ�¹:5º�R}Q¹»�P��¹0$ be two attributes,with a nameanda domain,respectively. The fol-
lowing checksareexecutedonintensionalrelationshipsdefinedfor attributenames
in theCommonThesaurus:

A �R}vO SYN }v¹P$ : therelationshipis markedasvalid if �rO and ��¹ areequivalent,or if
oneis aspecializationof theother;A �R}vO BT }v¹P$ : therelationshipis markedasvalid if ��O containsor is equivalentto��¹ ;A �R}vO NT }v¹P$ : therelationshipismarkedasvalid if �rO is containedin or isequivalent
to ��¹ .
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Whenanattributedomain�rO ( ��¹ ) is definedusingtheunion constructor, asin the
Address example(seeFigure4), avalid relationshipis recognizedif at leastone
domain�rO ( ��¹ ) is compatiblewith ��¹ ( �rO ).
Example4 Referringto ourCommonThesaurusresultingfrom Examples1 to 3,
the outputof the validationphaseis the following (for eachrelationship,control
flag �8za� denotesavalid relationshipwhile ��¼�� aninvalid one):

� ED.Fast-Food.category BT FD.Bistro.type $ [0]� ED.Owner.name BT FD.Person.first name $ [1]� ED.Owner.name BT FD.Person.last name $ [1]� ED.Fast-Food.specialty BT FD.Bistro.special dish $ [1]� ED.Fast-Food.name BT FD.Person.first name $ [1]� ED.Fast-Food.name BT FD.Person.last name $ [1]� ED.Fast-Food.category SYN FD.Restaurant.category $ [0]

As anextensionalrelationshipbetweentwo classesJ � and JLK is integratedin the
descriptionof theclassJ � , its validationis performedby checkingtheconsistency
of theclassJ � . Forexample,theextensionalrelationship� FD.Restaurant BT MRNPO FD.Bistro $
statedbeforeby thedesigneris expressedin theFD.Bistro classdescriptionas
follows:

 �¤ (FD.Bistro) = FD.Restaurant �q [ r code : String, type : String, pers id : Integer ]
Sincethe FD.Bistro classdescriptionis consistent,the relationshipbetween
FD.Bistro andFD.Restaurant is validated.On the otherhand,the exten-
sional relationship � ED.Fast-Food SYN MRNPO FD.Restaurant $ is rejected,as
theclassdescription:

 �¤ (ED.Fast-Food) = FD.Restaurant � \]\a\
is inconsistent(theattributecategory is definedin both the classesbut on dis-
joint domains).In the presenceof integrity ruleslessintuitive incoherenciesmay
arise.

In this case,thedesignermodifieshis statementandonly the terminologicalrela-
tionship � ED.Fast-Food SYN FD.Restaurant $ is keptin theCommonThe-
saurus.

3.5 Inferring new relationships

In this step,inferencecapabilitiesof ODB-Tools areexploited to infer new rela-
tionships,in orderto setupa rich CommonThesaurusto supporttheidentification
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Fig. 5. CommonThesaurusfor Eating andFood Source

of semanticallysimilarODL � � classesin differentsources,aswill beshown in next
section.

Example5 Relationshipsinferredin thissteparethefollowing:

� FD.Bistro RT ED.Owner $ ,� FD.Bistro RT ED.Address $ ,� FD.Brasserie RT ED.Address $ ,� FD.Brasserie RT FD.Person $ ,� FD.Restaurant RT ED.Address $ ,� ED.Fast-Food BT FD.Brasserie $ ,� ED.Fast-Food BT FD.Bistro $ ,� FD.Restaurant RT ED.Fast-Food $ ,� FD.Restaurant RT ED.Owner. $
A graphicalrepresentationof the CommonThesaurusfor ED andFD sourcesis
reportedin figure 5, wheresolid lines representexplicit relationships(i.e., ex-
tracted/supplied),dashedlines representinferredrelationships,andsubscriptsin-
dicatetheirkind. K
Notethat,duethesimplicity of theadoptedexample,many of thediscoveredrela-
tionshipsaretrivial. Supposeto introduceanew patterninto theEating Source
in orderto show anexampleof inferencesdueto extensionalrelationships:

New-Food-pattern = (New-Food, c name,specialty,category / d )
TherelatedODL �@� classis :

interface ED.New-Food
( source semistructured Eating_Source )
{ attribute string name;

attribute set<string> specialty;K For thesake of simplicity, only relationshipsbetweenclassnamesarereported.
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attribute string category*; };

Moreover, supposethatthedesignerstatesthefollowing extensionalrelationship:

� ED.New-Food BT MRNPO FD.Restaurant $ .
This extensionalrelationshipis validatedas consistent;in fact the category
attribute is optional in ED.New-Food. By exploiting subsumptioncomputation
ODB-Toolsobtainsthefollowing inferredrelationship:� ED.New-Food BT MRNPO FD.Bistro$ .
4 Semanticinformation integration

In this section,we describethe information integrationprocess,to constructthe
global integratedview of ODL �@� sourceschemas.The proposedprocessallows
semi-automaticidentificationof ODL �@� classescandidateto integrationby means
of clusteringproceduresbasedon the conceptof affinity andon the relationship
knowledgein the CommonThesaurus.Moreover, the processsupportsa semi-
automatedsynthesisof eachselectedclusterinto anintegratedglobalODL � � class,
byhandlingsemanticheterogeneitythroughthedefinitionof suitablemappingrules
for eachglobalclass.

4.1 Affinity of ODL�
� classes

To integratetheODL �
� classesof thedifferentsourcesinto globalODL �
� classes,
weemploy hierarchicalclusteringtechniquesbasedon theconceptof affinity. This
way, we identify ODL � � classesthatdescribethesameor semanticallyrelatedin-
formationin differentsourceschemasandgivea measureof thelevel of matching
of theirstructure.

This activity is performedwith the ARTEMIS tool environment.ARTEMIS has
beenconceivedfor asemi-automaticintegrationof heterogeneousstructureddatabases[16].
In the context of MOMIS, the ARTEMIS affinity framework hasbeenextended
andappliedto the analysisof ODL �@� schemadescriptions.In the following, we
describetheextensionsto theaffinity-basedclusteringto copewith objectpatterns
andsemistructureddataintegration.

ODL �
� classesareanalyzedandcomparedby meansof affinity coefficientswhich
allow us to determinethe level of similarity betweenclassesin differentsource
schemas.In particular, ARTEMIS evaluatesaGlobalAffinity coefficientasthelin-
earcombinationof a NameAffinity coefficientanda Structural Affinity coefficient,
respectively.
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Table1
NameAffinity coefficient

Coefficient Value Condition

NA ½¿¾aÀ
¾ (8Á Â ½ÄÃ[Å�ÀDÃ Å±Æ Á if Â ½ÄÃ[Å0ÀDÃ ÅÇÆ ÁUÈÊÉ
0 if Â ½ÄÃ Å ÀDÃ ÅÇÆ ÁUËÊÉ

Legend:Ã[Å©ÀDÃ ÅÇÆ denotethenameof ¾ and ¾ ( , respectively.É is a thresholdusedto selecthighvaluesof Ì Â ½¿¾aÀ
¾ (ÍÁ .
Affinity coefficientsfor ODL �
� classesareevaluatedby exploiting terminological
relationshipsof the CommonThesaurus.To this end,a strength  �Î is assigned
to eachtype of terminologicalrelationship Ï in the CommonThesaurus,with  SYN Ð   BT/NT Ð   RT. In the following, whennecessary, we usenotation   C�E�Ñ
to denotethestrengthof theterminologicalrelationshipÏ for termsBDC and BFE in the
Thesaurus;furthermore,we use   SYN 5Iz ,   BT 5Ò  NT 56¼Ó\ÕÔ and   RT 56¼Ó\Ö· .
An affinity function 4w+,- is definedon top of the CommonThesaurusto evaluate
the affinity of two terms.The affinity 4�+ÇBu�©BD(�- of two terms B and BD( is equal to
the highest-strengthpathof terminologicalrelationshipsbetweenthem,if at least
onepathexist, andis zerootherwise.Given two terms B and BD( anda pathof ter-
minologicalrelationshipsbetweenthem,the strengthof this pathis computedby
multiplying thestrengthsof all terminologicalrelationshipsinvolvedin it. 4�+±Bu��B ( -
coincideswith thestrengthof thehighest-strengthpathbetweenB and B ( , denoted
by )Ø× , that is, 4�+ÇBu�©BD(�-Ù5Ú  � K Ñ k� �K � Ñ k!\a\]\�k� QÛ ×yÜ��RÝ8× . In thefollowing, we usethe
symbol Þ to denotethefactthattwo termshaveaffinity in theCommonThesaurus.

Let ß and ßP( betwo ODL �
� classesbelongingto sources1 and 1V( respectively. Let
usnow definehow theaffinity coefficientsarecomputed.

4.1.1 NameAffinity coefficient

TheNameAffinity coefficientof two ODL �
� classesß and ß ( , denotedNA +Fß��Pß ( - , is
themeasureof theaffinity betweentheirnames} Å and } Å±Æ , if thismeasureexceeds
aspecifiedthreshold(seeTable4.1.1).

For any pairsof classes,_�4�+Fß��Pß ( -à9á��¼Ó�]za� . _H4�+Fß��0ß ( - is equalto the strengthof
thepath ) × of terminologicalrelationshipsin theCommonThesaurusoriginating
thehigheststrengthvalue,if this valueexceedsa specifiedthresholdâ (e.g., âã9�ª¼!\Õä �0¼Ó\Öå�� ). In this case,theNameAffinity valueis proportionalto thelengthof the
pathandto thetypeof relationshipsinvolvedin this path.In particular, _H4w+Rß��PßP(�-
is z if only SYN relationshipsareinvolvedin apath.Otherwise,_H4�+Fßu(¿�Pßu(8- is zero.

Example6 ConsidertheCommonThesaurusillustratedin figure5.
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_H4w+Fæ�ç�\ªèÓ�r³�é�­�¯S�©æ�ç�\Öê.ë�¯ �r³�-ì5 ¼Ó\ÖÔ , sinceit correspondsto the highest-strength

path æ�ç�\�è �r³�é�­�¯ BTí ) æ�çv\Öê.ë�¯��r³ in theCommonThesaurus.
As anotherexample,the _H4w+Fæ�ç�\ªîÓ�Óé�« ��#!³!��¯!«S�©æ�ç�\ªæ!� é�« í æ ­�­�� -ï5ðz , dueto the

path æ�ç�\ªîÓ�Óé�«Ó�.#!³!��¯T« SYNí ) æ�ç�\ªæÓ�Óé�« í æ ­�­.� , which is the one with the highest
strengthin theCommonThesaurus.

4.1.2 Structural Affinity coefficient

TheStructuralAffinity coefficientof two ODL � � classesß and ßu( , denotedSA+Rß��Pßu(8- ,
is themeasureof the level of matchingof ß and ßu( basedon attributerelationships
in theCommonThesaurus(seeTable4.1.2).
Table2
StructuralAffinity coefficient

Coefficient Value Condition

SA½¿¾aÀ
¾ ( Á ñ ò,ó@ô,ñ ó@ôFõaö Û Å Ý¿÷ ó
ø0õ]ö Û Å Æ ÝÇ÷ l ô¿ù l ø
ú©ñ û|ñ ò,ó@øPñ ó@ôFõaö Û Å ÝÇ÷ ó
ø0õaö Û Å Æ Ý¿÷ l ô¿ù l ø@ú©ññ ö Û Å Ý ñ û|ñ ö Û ÅÇÆ Ý ñ ü�ý Å if þ ÿÙþ�����
0 if þ ÿÙþ ���

Legend:ÿ � ��½�� O À�� ¹ Á þ�� O
	 Â ½¿¾ Á À�� ¹�	 Â ½¿¾ (�Á ÀDÃ O
� Ã ¹ � , whereÂ ½¿¾ Á and Â ½¿¾ (�Á are

thesetsof attributesin ¾ and ¾ ( , respectively

ý Å � ñ ò N õ��|ñ�� 2 ó�� Û N Ý��v� ú©ññ �|ñ , controlfactorwhere�������Ó½�� Á ��� standsfor avalid

terminologicalrelationshipin theCommonThesaurus

The StructuralAffinity coefficient returnsa valuein the range �ª¼Ó�aza� proportional
to the numberof attributesof the two classeswhosenameshave affinity in the
CommonThesaurus,refinedby a control factor � Å . In particular, � Å evaluatesthe
percentageof attributeshaving affinity that have a valid relationshipin the Com-
monThesaurus(seestepValidationof relationshipsillustratedin Section3.4).
Thevalue¼ indicatestheabsenceof attributeswith affinity in theconsideredclasses,
while thevalue z indicatesthatall attributesdefinedin thetwo classeshaveaffinity
andareconsideredvalid. Thegreaterthenumberof attributeswith affinity in the
consideredclasses,andthegreaterthenumberof positive validity control results,
thehigherthevalueof 1V4�+Fß��PßP(�- .
In general,giventwo classes,anattributeof oneclassmayhaveaffinity with more
thanoneattributeof theotherclass.In theevaluationof the 1V4�+Fß��Pß ( - coefficient,
we considerthesemultiple affinities asa singleaffinity correspondencebetween
oneattributeandasetof attributes.

For theevaluationof StructuralAffinity, optionalattributesof ODL �@� classesrepre-
sentingobjectpatternsmustbeconsideredproperly. Dependingonwhichattributes
aretakeninto account,thefollowingoptionsarepossiblefor thecomputationof the1V4�+,- coefficient:

19



(1) All attribute-based.With thisoption,optionalattributesaretreatedastheother
onesandarealwaystakeninto accountwhenevaluatingtheaffinity of ODL �
�
classesdescribingobjectpatterns.

(2) Commonattribute-based.With this option,optional attributesarenot taken
into accountwhenevaluatingtheaffinity.

(3) Threshold-based.With this option,optionalattributesaretaken into account
for affinity evaluationonly if they arecommonto at leastacertainnumberof
objects(i.e.,a threshold)of theconsideredobjectpattern.

Thethirdoptionisdifficult toapply, sinceit requiressettingthevalueof athreshold,
which canbedependenton thespecificobjectpatternor on thesource.As for the
othertwo options,they havedifferentimplicationson theaffinity valuesproduced.
Givenapatternto becompared,thesecondoptiongivesaffinity valueshigherthan
the first one, in presenceof the samenumberof attribute pairs with affinity. In
fact,lessattributesareconsideredatthedenominatorof the 1�4w+,- formulachoosing
option2).Ontheotherside,if mostattributesof anobjectpatternareoptional,then
theoption1) isbetterfor StructuralAffinity evaluation.Thechoicebetweenthefirst
two optionsdependson the specificapplicationunderanalysis.In our example,
we appliedboth optionsandwe discussobtainedvaluesin the following, when
presentingresultsof clustering.

Example7 ConsiderclassesED.Owner andFD.Person. By applyingthe all
attribute-basedoption,we have that

1�4w+���ç�\ ê.ë�¯ �r³��©æ�ç�\�èÓ��³�é�­�¯Q-�5  "! z#$! ä krz 5ã¼Ó\ªä #
dueto thefollowing affinities:
ED.Owner.name Þ�c FD.Person.first name,FD.Person.last name d .
4.1.3 GlobalAffinity coefficient

TheGlobalAffinity coefficient of two ODL �
� classesß and ßP( , denoted%`4w+Rß��Pßu(8- ,
is the measureof their affinity computedas the weightedsumof the Nameand
StructuralAffinity coefficients(seeTable3).

Table3
GlobalAffinity coefficient

Coefficient Value Condition& Â ½¿¾aÀ
¾ (�Á ')( ö ü Ì Â ½¿¾aÀ
¾ (ÍÁ+*,')- ö ü . Â ½¿¾»À
¾ (ÍÁ in all cases

Legend:')( ö and ')- ö , with ')( ö À ')- ö 	0/ � À ��1 and ')( ö *,')- ö ��� , areintroduced

to assesstherelevanceof eachcoefficient in computingtheglobalaffinity value.
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Fig. 6. Exampleof affinity tree

Weightsin % 4�+Rß��PßP(�- allow theanalystto differentlystresstheimpactof eachcoef-
ficient in theevaluationof theglobalaffinity value.

Example8 The Global Affinity coefficient of ED.Owner andFD.Person is
computedasfollows:

% 4�+���ç�\Öêrë�¯ �r³Q�0æ�ç�\�è �r³�é�­�¯�-�5 ¼Ó\Ö· k'¼Ó\ÕÔ ! ¼Ó\Ö· k�¼Ó\Õä # 5ã¼Ó\Öå!z
using 2 ( ö 5 2 - ö 5 ¼Ó\Ö· , sincewe considerboth affinity coefficients equally
relevant.

4.1.4 Clusteringof ODL�@� classes

To identify all theODL � � classeshaving affinity in theconsideredsourceschemas,
weemploy ahierarchicalclusteringtechnique,whichclassifiesclassesinto groups
atdifferentlevelsof affinity, forminga tree[23].

Thehierarchicalclusteringprocedureusesa matrix 3 of rank 4 where 4 is the
total numberof ODL �
� classesto be analyzed.An entry 3Ú�65|�87T� of the matrix
representstheaffinity coefficient % 4�+Rß89r�Pßu�'- betweenclassesß89 and ßu� .
Clusteringis iterativeandstartsby placingeachclassin aclusterby itself.Then,at
eachiteration,thetwo clustershaving thegreatestaffinity valuein 3 aremerged.3 is updatedat eachmerging operationby deletingthe rows and the columns
correspondingto themergedclusters,andby insertinganew row andanew column
for thenewly definedclusterß89u� . Theaffinity valuebetweenß89u� andeachremaining
cluster :ß in 3 is computed.Thenew valuebetweenß;9u� anda remainingcluster :ß
is setto themaximumaffinity valuebetweentheaffinity valuesthat ß89 and ßu� had
with :ß in 3 . Theprocedureterminateswhenonly oneclusteris left andproduces
asthe outputa tree,whereleavescorrespondto ODL �
� classesandintermediate
nodeshaveanassociatedaffinity valuecharacterizingtheunderlyingleaves.

Figure6 shows theaffinity treeresultingfrom clusteringour setof ODL �
� classes
by usingtheall attribute-basedmethod.
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Oncetheaffinity treehasbeenconstructed,animportantissueis relatedto these-
lectionof clustersto beintegratedfor thedefinitionof theglobalODL �
� classesof
theintegratedschema.Clusterselectionis interactive,basedonthenumericalaffin-
ity valuesin theaffinity tree.In particular, ARTEMIS providesa threshold-based
mechanismfor clusterselection.Thedesignerspecifiesa valuefor a threshold<
andclusterscharacterizedbyanaffinity valuegreaterthanor equalto < areselected
andproposedto thedesigner. High valuesof < returnsmall,highly homogeneous
clusters.By decreasing< ’s value,clusterscontainingmoreODL � � classescanbe
selected.In the tool, thedefault valueof < is setto ¼Ó\ · . This default valuecanbe
refineddynamically, on thebasisof thecharacteristicsof retrievedclustersandof
the specificapplicationunderanalysis.Onceclustershave beenselected,ODL �
�
classesthathave anextensionalterminologicalrelationshipwith at leastoneclass
in the clusterandnot yet includedin it (if any), areforcedto belongto the clus-
ter anyway, to defineanintegratedglobalODL �@� classthat is representative of all
possiblesemanticallyrelatedsourceclasses.

In ourexample,usinga threshold<§5 ¼Ó\Ö· , two clustersareautomaticallyselected,
namelyJ`3 � and J�3ÍK , asshown in Figure6. Cluster J`3 � containsall ODL �@� classes
describingdifferentkinds of eatingplace,while cluster J`3ÄK containsall ODL �
�
classesdescribingpersons.Thesetwo clusterarehighly homogeneousandcontain
all involvedclassesalsowith respectto extensionalrelationships.Thedesignercan
confirmthis threshold-basedclusterselectionmadeby thetool for thesubsequent
synthesisactivity.

4.2 Synthesisinto an integratedschemadescription

Thegenerationof globalODL � � classesoutof selectedclustersis asynthesisactiv-
ity performedinteractivelywith thedesigner. Synthesisof clustersof ODL �
� classes
requiresto take into accountsemanticheterogeneity, whichhasto betreatedprop-
erly to comeup with an integratedanduniform representationat theglobal level.
Let J�3�C beaselectedclusterin theaffinity treeand =!ßPC theglobalODL �@� classto be
definedfor J`3ÍC . First,weassociatewith =!ßuC asetof globalattributes,corresponding
to the union of the attributesof the classesbelongingto J`3ÍC . The attributeshav-
ing a valid terminologicalrelationshipareunifiedinto a uniqueglobalattributein=!ßuC . Theattributeunificationprocessis performedautomaticallyfor whatconcerns
namesaccordingto thefollowing rules:

A for attributesthathavea SYN relationship,only onetermis selectedasthename
for thecorrespondingglobalattributein =!ßuC ;A for attributesthathavea BT/NT relationship,anamewhich is abroadertermfor
all of themis selectedandassignedto thecorrespondingglobalattributein =!ßuC .
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For example,theattributeunificationprocessfor cluster J`3 � of figure6 automati-
cally producesthefollowing setof globalattributes:

name, address, phone*, specialty, category,nearby*, midprice*,
owner*,special dish, street, zip code, type,r code, b code,
pers id, tourist menu price

Thedesignercanaddmappingrulesto properlysettheglobalclass.A globalclass
includesalsomappingrules for global attributes.A mappingrule is definedfor
eachglobalattribute Z of =!ßuC andspecifies:

A Attribute correspondencesin the cluster: valuesof Z dependson the attributes
thathave beenunified into Z during the constructionof =!ßuC . Mappingrulesare
definedto statefor Z which attributesof theODL �@� classesin theclusterunder
analysiscorrespondto Z . In specifyingmappingrulesfor globalattributes,the
following correspondencescanbespecified:

(1) And correspondence: this specifiesthat a global attribute correspondsto the
concatenationof two or moreattributesof aclassß89:9?>Ó�A@ .
For example,by defining a mappingrule for the global attribute name of>Ó�CB , the designerspecifiesthat a global attributename correspondsto both
first name andlast name attributesof FD.Person class.By specify-
ing the and correspondencebetweenfirst name andlast name for the
globalattributename, thedesignerstatesthatthevaluesof bothfirst name
andlast name attributeshavetobeconsideredasvaluesof namewhenclass
FD.Person is considered.

(2) Or correspondence: thisspecifiesthataglobalattributecorrespondsto atmost
oneof theattributesof aclassß;9�9?>Ó�D@ . An or correspondenceis usefulwhena
globalattributeis suitablefor two or morelocalattributesof asource,depend-
ing on thevalueof anotherlocal attribute,called“tag attribute”. For example,
let ussupposeto have a clusterdescribinganautomobile globalclassand
that classesin the clusterhave price valuesfor carsin Italian Lire and US
Dollars. Here,country is the tag attribute. In this example,it is possible
to defineanor correspondencebetweentheattributesItalian price and
US price by declaringthefollowing mappingrule:
...
attribute integer price
mapping rule(S.car.Italian_price union

S.car.US_price on Rule1),
...

...
rule Rule1 { case of S.car.country:

‘‘Italy’’ : S.car.Italian_price;
‘‘US’’ : S.car.US_price; }A Default/null values: they are possiblydefinedfor local attributescorrespond-

ing to Z , basedon theknowledgeof thesinglelocal source,if Z is not applica-
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interface Food Place� attribute name
mapping rule ED.Fast-Food.name,

FD.Restaurant.name,
FD.Brasserie.name;EFEFE

attribute category
mapping rule ED.Fast-Food.category,

FD.Restaurant.category,
FD.Bistro.type;

attribute specialty
mapping rule ED.Fast-Food.specialty,

FD.Restaurant.special dish;
attribute address

mapping rule ED.Fast-Food.address,
(FD.Restaurant.street and
FD.Restaurant.zip code and
FD.Brasserie.address);

attribute price
mapping rule ED.Fast-Food.midprice,

FD.Restaurant.tourist menu price;
attribute zone

mapping rule ED.Fast-Food = ‘Pacific Coast’’,
FD.Restaurant = ‘Atlantic Coast’,
FD.Bistro = ‘Atlantic Coast’,
FD.Brasserie = ‘Atlantic Coast’;�

Fig. 7. Exampleof globalclassspecificationin ODL �
�
ble in the consideredsource.For example,with referenceto J`3 � , the mapping
rule definedfor theglobalattributezone specifiesthat theobjectsof theclass
ED.Fast-Food regardthe“PacificArea”,whileobjectsof FD.Restaurant
andFD.Bistro wherever in theUSA.

For eachglobalODL �
� class=ÓßPC , apersistentmappingtablestoringall themapping
informationis generated.As anexample,themappingtablefor theFood Place
class,setby themappingrulesof figure7, is shown in figure8.

Integrity constraintrulescanalsobespecifiedfor globalODL �
� classesto express
semanticrelationshipsholding amongthe differentsources.Supposethat in our
domain,a relationshipexists betweenthe category andthe price of a food place.
For example,the fact thatall the food placeswith a ‘High’ category have a price
higherthen$ 100canbeexpressedby thefollowing integrity constraintrule in the
globalschema:

rule Rule2 forall X in Food_Place :
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Food Place code name EFEFE zone

ED.Fast-Food null name EFEFE ‘Pacific Coast’

FD.Restaurant r code name GFGFG ‘Atlantic Coast’

FD.Bistro r code null GFGFG ‘Atlantic Coast’

FD.Brasserie b code name GFGFG ‘Atlantic Coast’

Fig. 8.Food Place mappingtable

ODB-Tools
Engine

ODL I3 Interface

WRAPPER

DB1

WRAPPERWRAPPER

Global Schema
Builder

Query Manager

MEDIATOR

ARTEMIS

...

File
System

Fig. 9. Architectureof theMOMIS system

(X.category =‘High’) then X.price > 100;

5 The MOMIS system

In this sectionwe describethearchitectureof theMOMIS systemembeddingthe
proposedextractionandintegrationtechniquesandgivesomeconsiderationson its
experimentationanddesignchoices.

5.1 Architectureof theMOMISsystem

TheMOMIS systemhasbeenconceivedasapoolof tools,to provideanintegrated
accessto heterogeneousinformationstoredin traditionaldatabases(e.g.,relational,
object-oriented)or file systems,aswell asin semistructureddatasources.MOMIS
is basedon the HAI architecture[2] (seefigure9). At thebottomlayerwe have the
schemasof informationsources,while thelayersabove provide thesemanticinte-
grationandthe coordinationmanagementsupport.Main componentsof MOMIS
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arethefollowing:

J Wrappers. They areplacedontopof theinformationsourcesandareresponsible
for translatingthe schemaof the sourceinto the ODL K�L language.A wrapper
performsalsothetranslationof a queryexpressedin theODL K L languageinto a
local requestexecutableby thequeryprocessorof thecorrespondingsource.J Mediator. It is composedof two modules:theGlobalSchemaBuilder (GSB)and
theQueryManager (QM). TheGSBmoduleprocessesandintegratesODL K L de-
scriptionsreceivedfrom wrappersto derive the integratedrepresentationof the
informationsources.TheQM moduleperformsqueryprocessingandoptimiza-
tion. In particular, it generatestheOQLK�L queriesfor wrappers,startingfrom a
global OQLK�L query formulatedby the useron the global schema.Using De-
scriptionLogics techniques,the QM componentcangeneratein an automatic
waythetranslationof theglobalOQLK�L queryinto differentsub-queries,onefor
eachinvolvedlocal source.J TheARTEMISTool Environment, a tool basedonaffinity andclustering[17,16],
whichperformsclassificationof ODL K�L classesfor thesynthesisof globalODL K�L
classes.J The ODB-Tools Engine, a tool basedon the OLCD DescriptionLogics [5,8],
whichperformsschemavalidationfor thegenerationof theCommonThesaurus
andqueryoptimization.

5.2 Experimentalconsiderations

Someactivities performedin MOMIS for informationsourceintegrationhave an
elementof subjectivity, asit is intuitive,dueto thefactthattheknowledgeandex-
perienceof thedesignercanberequiredto besureto proceedcorrectly. In partic-
ular, thespecificationof inter-sourceterminologicalrelationships,bothintensional
andextensional,and the affinity evaluationactivities areof this kind. Our effort
hasbeentheoneof makingtheseactivities evenmoreobjective,by providing in-
teractive functionalitiesas well as pre-definedtool choicesby meansof default
parametervalues,thatcanbehowever interactively modifiedby designerif neces-
sary. In thefollowing,wereportmainfeedbacksof theexperimentationof MOMIS
toolsonpracticalintegrationexamples.

Thegoodnessof affinity evaluationrelieson boththe linguistic correctnessof the
terminologicalrelationshipsandon theparameters(i.e.,strengths,weights,thresh-
olds)interveningin thecalculationof thecoefficientsandtheir relativevalues.Re-
gardingcorrectnessof terminologicalrelationships,we adoptan interactive con-
structionandvalidationof theCommonThesauruswith ODB-Tools. In this way,
thedesignercaninteractwith WordNetto selectthemostappropriateterminologi-
cal relationships,to beforcedalsoat theextensionallevel if necessary. Moreover,
hecansupplyadditionalterminologicalrelationshipstypicalof applicationdomain
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underconsideration,if theonesretrievedfrom WordNetarenot sufficient to cover
all inter-sourcerelationshipsthat hold amonganalyzedinformationsources.Re-
gardingaffinity parameters,the affinity evaluationactivity is alsointeractive and
weight-based,usingtheARTEMIS tool environment.This enablesthedesignerto
properlysetthe involvedparametersandto validatethechoicesperformedby the
tool in all stepsof theevaluationprocess(for adetaileddescriptionof theseaspects
thereadercanreferto [17]). ARTEMIS hasbeenexperimentedondifferentsetsof
conceptualdatabaseschemasto selecta setof default values(i.e., theoneswork-
ing satisfactorily in mostcases)for the variousparameters(strengths,thresholds,
weights)interveningin theaffinity andclusteringstages.Thevaluesof terminolog-
ical relationshipstrengthsin the CommonThesaurus,andof affinity weightsand
thresholdsusedin theexamplesof this papercorrespondto theseselecteddefault
values.Default valuescanhowever be dynamicallyvariedby the designerwhen
necessary, to tailor the affinity calculationto the specificintegrationcontexts. As
a consequence,mostdifficult tasksinvolvedin the integrationprocessresultsim-
plified in that semanticallyrelatedinformationis automaticallyidentifiedandthe
designeris asked for a validationof theproposedresultsor, for ambiguoussitua-
tions,for a selectionamonga setof pre-definedchoices.Moreover, thepossibility
of interactingwith the tool to vary default parameterconfigurationsandcompare
theirresults,allowsthetuningof theintegrationprocess.Theexperimentedinterac-
tion with WordNetwassatisfactoryin sourcesintegrationwhentheschematato be
integratedhave“meaningfulnames”;in thiscase,mostof theterminologicalinter-
schemarelationshipsareobtained,preventinga lot of boringwork for thedesigner.
Ontheotherhand,for many legacy applicationsadoptednamesarenotmeaningful.
In this case,the automaticextractionof intra-schemarelationshipsandthe aid of
thesystemin checkingconsistency of explicitly givenrelationshipsaregoodaids
for thedesigner.
A deeperdiscussionof theexperimentationresultsof theuseof strengthenedtermi-
nologicalrelationshipsandaffinity-basedclusteringof ARTEMIS for the integra-
tion of heterogeneousdataschemasin theItalianPublicAdministrationdomain,is
reportedin [16,18].

6 Relatedwork

Worksrelatedto theissuesdiscussedin thispaperarein theareaof semistructured
dataandheterogeneousinformationintegration.

Heterogeneousinformation integration.
In this area,many projectsbasedon a mediatorarchitecturehave beendeveloped.
For example,themediator-basedTSIMMIS project[21] follows a ‘structural’ ap-
proachandusesa self-describingmodel(OEM) to representheterogeneousdata
sourcesand patternmatchingtechniquesto perform a predefinedset of queries
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basedon a querytemplate.Thesemanticknowledgeis effectively encodedin the
MSL (MediatorSpecificationLanguage)rulesenforcingsourceintegrationat the
mediatorlevel. Althoughthe generalityandconcisenessof OEM andMSL make
this approacha goodcandidatefor the integrationof widely heterogeneousand
semistructuredinformationsources,a majordrawbackin suchanapproachis that
dynamicallyaddingsourcesis an expensive task.In fact,new TSIMMIS sources
mustfirst bewrappedandthemediatorruleshave to beredefinedto take into ac-
countnew knowledgeandtheir MSL definitionsrecompiled.Theadministratorof
the systemmustfigure out whetherandhow the new sourceshave to be assimi-
latedin themediator. In our case,this informationis automaticallydiscoveredby
meansof clustering.MOMIS is basedon a mediatorarchitectureandfollows the
‘semanticapproach’.Following theclassificationof integrationsystemsproposed
by Hull [28], MOMIS is in theline of the“virtual approach”andis in thecategory
of “read-onlyviews”, that is, it is a systemwhosetaskis to supportanintegrated,
read-only, view of datastoredin multiple sources.Themostsimilar projectsare:
GARLIC, SIMS[1], InformationManifold [30] andInfomaster[26].

TheGARLIC project[15] buildsuponacomplex wrapperarchitectureto describe
thelocalsourceswith anOOlanguage(GDL), andonthedefinitionof GarlicCom-
plex Objectsto manuallyunify thelocal sourcesto defineaglobalschema.
TheSIMS project[1] proposesto createa globalschemadefinitionby exploiting
the useof DescriptionLogics (i.e., the LOOM language)for describinginforma-
tion sources.Theuseof a globalschemaallows bothGARLIC andSIMS projects
to supporteverypossibleuserquerieson theschemainsteadof apredefinedsubset
of them.
InformationManifold system[30], astheMOMIS project,providesa sourceinde-
pendentandqueryindependentmediator. Theinput schemaof InformationMani-
fold is a setof descriptionsof thesources.Givena query, thesystemwill createa
planfor answeringthequeryusingtheunderlyingsourcedescriptions.Algorithms
to decidetheusefulinformationsourcesandto generatethequeryplanhave been
implemented.The integratedschemais definedmainly manuallyby thedesigner,
while in ourapproachit is tool-supported.
Infomaster[26] providesintegratedaccessto multipledistributedheterogenuosin-
formationsourcesgiving the illusion of a centralized,homogeneousinformation
system.It is basedonaglobalschema,completelymodeledby theuser, andacore
systemthatdynamicallydeterminesanefficient plan to answerthe user’s queries
by usingtranslationrulesto harmonizepossibleheterogeneitiesacrossthesources.

An approachbasedonDescriptionLogicsandontologiesis takenin theOBSERVER
systemto supportsemanticinteroperationandformulationof rich queriesoverdis-
tributedinformationrepositorieswheredifferentvocabulariesareused[31]. Here
the ideais that eachrepositoryhasits own ontology. Inter-ontologyrelationships
arespecifiedin a declarative way (usingDescriptionLogics) in an inter-ontology
managermoduleto handlevocabulary heterogeneitiesbetweenontologiesof dif-
ferentinformationrepositoriesfor queryprocessing.In this respect,our Common
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Thesaurusplaysa similar role in thatwe specifyinter-sourceterminologicalrela-
tionships.Thefocushereis moreon representationof inter-ontologyrelationships
to solve vocabulary problemsat the intensionaland extensionallevel for query
processingratherthanon usingtheserelationshipsfor deriving an integratedvir-
tual view of the underlyinginformationsources.Moreover, in our approach,we
try to extractasmuchinformationaspossiblefrom sourcedescriptionsandfrom
WordNetandweshow how this informationcanbeusedfor affinity evaluationand
integrationpurposes.

The analysis,discovery, andrepresentationof inter-schemapropertiesis another
critical aspectof the integrationprocessandresearchproposalshave appearedon
thistopic.In [34], semi-automatictechniquesfor discoveringsynonyms,homonyms
andobjectinclusionrelationshipsfrom databaseschemasaredescribedandasemi-
automaticalgorithmfor integratingandabstractingdatabaseschemesis presented
in [35]. It is worth noticing that the designof systemsfor informationgathering
from multiple sourcesis also addressedin Artificial Intelligencethroughmulti-
agentsystems[29], concentratingmainly on high level tasks(e.g., o-operation,
planning,belief revision) relatedto theextractionprocess[22].

Semistructured data. The issueof modelingsemistructureddatahasbeenin-
vestigatedin the recentliterature.In particular, a survey of problemsconcerning
semistructureddatamodelingandqueryingis presentedin [10]. Two similarmod-
els for semistructureddatahave beenproposed[12,36], basedon rooted,labeled
graphwith theobjectsasnodesandlabelson edges.Accordingto themodelpre-
sentedin [12], informationresidesat labelsonly, while accordingto the “Object
ExchangeModel” (OEM) proposedby Papakonstantinouet. al. in [36], informa-
tion alsoresidesatnodes.Verysimilarproposalfor modellingsemi-structureddata
comefromtheArtificial Intelligencearea[14], wherein analogywith ourapproach,
aDescriptionLogic is adopted.

The issueof addingstructureto semistructureddata,which is moredirectly con-
cernedwith ourconceptof objectpattern,hasalsobeeninvestigated.In particular,
in [27], the notion of dataguidehasbeenproposedasa “loosedescriptionof the
structureof the data” actuallystoredin an informationsource.A proposalto in-
fer structurein semistructureddatahasbeenpresentedin [33], wheretheauthors
usea graph-baseddatamodel derived from [12,36]. In [10], a new notion of a
graphschemaappropriatefor rooted,labeledgraphdatabaseshasbeenproposed.
Themainusagesof thestructureextractedfrom asemistructuredsourcehavebeen
presentedfor queryoptimization.In fact, the existenceof a pathin the structure
simplifiesqueryevaluationby limiting thequeryonly to datathatarerelevant.In
thispaper, wearemoreconcernedwith usageof thestructurein form of objectpat-
ternsto supporttheintegrationof semistructuredsourceswith structureddatabases.

More recently, XML [9] hasemergedin the framework of informationrepresen-
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tationover the Weballowing the designerto explicitly point out semanticrole of
datawithin a source.Here,thenotionof DocumentTypeDefinition (DTD) is in-
troducedto modelthestructureof a setof documents.DTDs play a role similar to
our objectpatternsandcanbedirectlyusedto derive theODL K�L descriptionof the
informationassociatedwith them.

Original contributions of our work. The original contribution of the work pre-
sentedin this paperis relatedto the availability of a setof techniquesfor thede-
signerto facecommonproblemsthatarisewhenintegratingpre-existing informa-
tion sources,containingbothsemistructuredandstructureddata.Theideaof com-
bining reasoningcapabilitiesof DescriptionLogics with affinity-basedclustering
techniquesisnew andallowsboththevalidationof theinter-sourceknowledgeused
for the integrationandthe identificationof candidatesto integrationin a way au-
tomatedasmuchaspossible.Theinteractiveexploitationof WordNetfrom within
our toolscombinedwith subsequentaffinity analysisis alsoa novel capabilityfor
an integrationtool. In this way, we cantake into accountandinteractively revise
semanticknowledgerelatedto themeaningof namesin theconsideredsourcede-
scription,aswell asthestructureof classesin sourceschemadescriptionsandtheir
level of matchingto comeup with as much informationas possiblefor the ex-
tractionof globalintegratedclasses.Furthermore,we provide thecapabilityof ex-
plicitly introducingmany kindsof knowledgeas:integrity constraints,extensional
relationshipsandto checktheglobalconsistency of implicit anddesignerprovided
knowledge.

7 Concluding remarks

In thispaper, wehavepresentedasemi-automatedapproachto informationextrac-
tion andintegrationof heterogeneousinformationsources.TheODL K�L Description
Logic-basedlanguageis introducedfor informationextractionandintegration,by
taking into accountalsosemistructuredinformationsources.A DescriptionLogic
module(ODB-Tools engine)provides inferencecapabilitiesto constructa Com-
mon Thesaurusof inter-sourceterminologicalrelationshipsand a clustergener-
ator module(ARTEMIS tool environment)providescapabilitiesto identify can-
didatesto integrationfor the abstractionof global ODL K L classes.The proposed
approachhasbeenimplementedin the MOMIS systemfollowing a conventional
wrapper/mediatorarchitecture.MOMIS providesasetof toolsandassociatedtech-
niquesfor performingsemanticintgration.MOMIS provides several techniques
andassociatedtools for helpingthe designerin the integrationof heterogeneous
informationsources,andnot all suchtechniquesmay benecessaryin all integra-
tion processes.To copewith this point, an applicationwith a graphicalinterface,
calledSI-Designer, hasbeendeveloped(to bepresentedat thedemosessionof the
VLDB2000[4]). SI-Designerinterfacesall theemployedtoolswith thegoalof al-
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lowing an interactive andcustomizeduseof MOMIS techniquesby the designer,
basedon thespecificrequirementsof agivenintegrationprocess.

Futureresearchwill be devotedto the developmentof the QueryManagercom-
ponentof MOMIS with queryoptimizationand“answercomposition”functionali-
ties,basedondefinitionof extensionalaxiomsandintegrity constraintsdefinedon
global ODL K L classes.This problemis known in the literatureasqueryrewriting
andqueryansweringusingviews,andhasbeenstudiedvery actively in therecent
years.Oneof theoriginal aspectsof the QueryManagerwill consistsin employ-
ing DescriptionLogics basedcomponents(i.e., ODB-Tools) to performsemantic
optimizationstepson bothon globalandlocal queries,to minimizethenumberof
accessedsourcesandthevolumeof datato beintegratedastheresultof sub-query
execution.Researchwill proceedalsoin thedirectionof designinganddeveloping
tools to help the designerin extensionalaxiom specificationandto reasonabout
specifiedaxioms,to increasethe knowledgeavailablefor the integrationprocess.
Themethodologythatismeantto beusedin orderto exploit extensionalknowledge
consistsin theidentificationof the“baseextensions”,asrecentlyproposedby [38]
andin reasoningactivities performedby the DescriptionLogics component.The
useof baseextensionandDescriptionLogics will allow to obtainsignificantre-
sultsin semanticqueryoptimization.Finally, theapproachwill beextendedto take
into accountXML [9] datasources.
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A The ODL K�L description language

The following is a BNF descriptionfor the ODL K�L descriptionlanguage.We in-
cludedthemainsyntaxfragmentswhichdiffer fromtheoriginalODL grammar(see
http://sparc20.dsi.unimo.it/Momis/documents/odli3 syntax.pdf
for thecompletesyntax)M

interfacedclN : : =
M
interfaceheaderNO
[
M
interfacebodyN ] [union

M
interfacebodyN ] P ;M

interfaceheaderN : : = interface
M
identifierN

[
M
inheritancespecN ] [

M
type propertylist N ]M

inheritancespecN : : = :
M
scopednameN [,

M
inheritancespecN ]

Local schemapatterndefinition: thewrappermustindicatethekind andthename
of thesourceof eachpattern.M

type propertylist N : : = ( [
M
sourcespecN ] [

M
extent specN ] [

M
key specN ] [

M
f key specN ] )M

sourcespecN : : = source
M
sourcetypeN M sourcenameNM

sourcetypeN : : = file Q relational Q nfrelationalQ object Q semistructuredM
sourcenameN : : =

M
identifierNM

extent specN : : = extent
M
extent list NM

extent list N : : =
M
stringNRQ M stringN , M extent list NM

key specN : : = key[s]
M
key list NM

f key specN : : = foreign key (
M
f key list N )

references
M
identifierN [, M f key specN ]

Globalpatterndefinitionrule,usedto maptheattributesbetweentheglobaldefini-
tion andthecorrispondingonesin thelocal sources.M

attr dclN : : = [r eadonly]attrib ute [
M
domaintypeN ]M

attribute nameN [*] [
M
fixed arraysizeN ]

[
M
mappingrule dclN ]M

mappingrule dclN : : = mapping rule
M
rule list NM

rule list N : : =
M
ruleNRQ M ruleN , M rule list NM

ruleN : : =
M
local attr nameNSQ ‘ M identifierN ’M
andexpressionN)Q M union expressionNM

andexpressionN : : = (
M
local attr nameN and

M
and list N )M

and list N : : =
M
local attr nameNSQ M local attr nameN and

M
and list NM

union expressionN : : = (
M
local attr nameN union

M
union list N on

M
identifierN )M

union list N : : =
M
local attr nameNSQ M local attr nameN unionM
union list NM

local attr nameN : : =
M
sourcenameN . M classnameN . M attribute nameN
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Relationshipsusedto definetheCommonThesaurus.M
relationshipslist N : : =

M
relationshipdclN ; Q M relationshipdclN ;M
relationshipslist NM

relationshipsdclN : : =
M
local nameN M relationshiptypeNM
local nameNM

local nameN : : =
M
sourcenameN . M local classnameN

[.
M
local attr nameN ]M

relationshiptypeN : : =
M
intensionalrelationshipNTQM
extensionalrelationshipNM

intensionalrelationshipN : : = SYN Q BT Q NT Q RTM
extensionalrelationshipN : : = SYN E Q BT E Q NT E

OLCD integrity constraintdefinition:declarationof rule (usingif thendefinition)
valid for eachinstanceof thedata;mappingrulespecification(or andunionspeci-
ficationrule).M

rule list N : : =
M
rule dclN ; Q M rule dclN ; M rule list NM

rule dclN : : = rule
M
identifierN M rule specNM

rule specN : : =
M
rule preN then

M
rule postNRQ OCM casedclN�PM

rule preN : : =
M
forall N M identifierN in

M
identifierN :

M
rule body list NM

rule postN : : =
M
rule body list NM

casedclN : : = caseof
M
identifierN :

M
caselist NM

caselist N : : =
M
casespecNRQ M casespecN M caselist NM

casespecN : : =
M
identifierN :

M
identifierN ;M

rule body list N : : = (
M
rule body list N ) Q M rule bodyNRQM

rule body list N and
M
rule bodyNRQM

rule body list N and (
M
rule body list N )M

rule bodyN : : =
M
dottednameN M rule constopN M literal valueNRQM
dottednameN M rule constopNM
rule castN M literal valueNUQM
dottednameN in

M
dottednameNSQM

forall N M identifierN in
M
dottednameN :M

rule body list NRQ exists
M
identifierN inM

dottednameN :
M
rule body list NM

rule constopN : : = = QWVXQZY�QZ[XQW\M
rule castN : : = (

M
simple type specN )M

dottednameN : : =
M
identifierN]Q M identifierN . M dottednameNM

forall N : : = for all Q forall
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B ODL K�L sourcesdescriptions

Eating_Source (ED):
interface Fast-Food interface Address
( source semistructured ( source semistructured

Eating_Source ) Eating_Source )
{ attribute string name; { attribute string city;
attribute Address address; attribute string street;
attribute integer phone*; attribute string zipcode;};
attribute set<string> specialty; union
attribute string category; { string;};
attribute Restaurant nearby*;
attribute integer midprice*;
attribute Owner owner*;};

interface Owner ( source semistructured Eating_Source )
{ attribute string name;
attribute Address address;
attribute string job;};

Food_Guide_Source (FD):
interface Restaurant interface Person
( source relational Food_Guide ( source relational Food_Guide

key r_code key pers_id)
foreign_key(pers_id) { attribute integer pers_id;

references Person ) attribute string first_name;
{ attribute string r_code; attribute string last_name;

attribute string name; attribute integer qualification;};
attribute string street;
attribute string zip_code;
attribute integer pers_id;
attribute string special_dish;
attribute integer category;
attribute integer tourist_menu_price;};

interface Bistro interface Brasserie
( source relational Food_Guide ( source relational Food_Guide
key r_code key b_code )
foreign_key(r_code) { attribute string b_code;
references Restaurant, attribute string name;

foreign_key(pers_id) attribute string address;};
references Person)

{ attribute string r_code;
attribute set<string> type;
attribute integer pers_id;};
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C OLCD : Inter pretationsand DatabaseInstances

We assumethe union of the integers,the strings,the booleans,and the realsas
theset ^ of basevalues. To build complex values, we furtherassumea countable,
setdisjoint from ^ , of object identifiers (denotedby _A`F_ba8`F_Zc�`�d�ded ). The set f of
all valuesover g is definedas the smallestset containing ^ and g , suchthat,
if hia8`�d�ded
`jhZk arevalues,thentheset lZhia8`�d�d�d
`�h�kCm is a value,anda partial functionnDoqpsr lZhAa;`�ded�dt`jhZkum is avalue.Thefunction

n
is theusualtuplevalue;thestandard

notation vxwya o hAa8`ed�d�d
`FwWk o hzkz{ will behenceforthused.

Let |}`i~|}`���`���`���`�� be theequality, inequalityandtotal orderrelations,denoted
by � , definedasusualon ^ . Equalityandinequalitycanbeextendedfrom ^ to allf : theequalityoperator( | ) hasthemeaningof identity, i.e., two objectsareequal
if they havethesameidentifier, two setsareequalif f they haveequalelements,two
tuples,say h���|�vxwya o hAa;`�ded�dt`FwWk o h;k�{ and h���|�v�wb� a o hi�a `�d�d�dt`jwi�� o hi���{ , areequalif
they havethesameattributesandequalattributelabelsaremappedto equalvalues.
Objectidentifiersareassignedvaluesby a total valuefunction � from g to f .

Let � denotethe setof all paths.Givena setof objectidentifiers g anda value
function � , let � o � � r ���q�C�

a functiondefinedasfollows:

J emptypath: ��vx��{q|��
��h+`jh��T��f ��f¢¡J singleelementpath: ��vxwb{q| � ��hAaF`jhCc;�T�,f£�,f¥¤�hAaR|¦v§d�d�d
`jw o hCce`�d�d�d�{ ¡
��v©¨ª{«|��
�¬_A`jh��T�?g­�,f¥¤����¬_C�)|®ht¡J multipleelementpath: �¯vx°Ca . °�c . ±W±W± . °e²�{q|³��vx°Ca´{�µ¶��vx°�c�{�µ·±W±W±Wµ$�¯vx°e²�{

whereµ is thesymbolof functioncomposition.

Notice that, for all ¸ , �¯v ¸�{ is undefinedon setvalues.Let h be a valueand ¸ be
a path.By �?v ¸�{¹��h�� we meanthe uniquevalue(whenit exists) reachablefrom h
following ¸ , thatis thevalueof thepartialfunction ��v ¸�{ in h .
Let º
» be the (fixed) standardinterpretationfunction from ¼ to

��½
. For a given

objectassignment� , eachtype expression¾ is mappedto a setof values(its in-
terpretation).An interpretationfunctionis a function º from ¿ to

�Z�
satisfyingthe

following equations:

ºÀv�Á·{
| fºÀv�Â·{
|ÄÃºÅvxÆ¢{
|Çºt»�vxÆ¢{
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ºÀvÈlb¾TmzÉW{q|¥lCÊ ¤bÊ ËÌºÀv6¾U{�mºÀvÈlb¾TmZÍ;{q|¥lCÊ ¤bÊ ÎÏºÀv�¾U{T~| Ãym
ºªÐ¬vxw�a o ¾Ña;`�d�dedt`FwWk o ¾yk�{ÓÒ·|¥l nDo«pÔr fÕ¤ n ��wbÖ����×ºÀv6¾qÖ�{¬`�Ø��ÚÙ]�Ì¸tm

ºÀv�¾ÑaÜÛÝ¾
cj{q|ÇºÀv6¾Ña�{�ÎÞºÀv6¾
cj{ºÀv�¾ÑaÜßÝ¾
cj{q|ÇºÀv6¾Ña�{�àÞºÀv6¾
cj{ºÀv6á]¾U{
| fãâSºÀv�¾U{
ºÀv©¨0¾U{q| � _}�?gåääää �y��_u�T�æºÀv�¾U{ ¡ºÀvç�Ó¸+�Cè��´{
| � hæ��f¥¤C�¯v ¸�{¹��h����Cè ¡
ºÀvç�Ó¸ué��´{
|¥lZh×�,fÕ¤�h�~� dom ��v ¸�{¬m

Note that the interpretationof tuplesimplies an openworld semanticsfor tuple
typessimilar to the one adoptedby Cardelli [13], and that �Ó¸¶é�� selectsobjects
which do not have the path ¸ . It shouldbe notedthanan interpretationdoesnot
necessarilyimply that the extensionof a namedtype is identical to the type de-
scriptionassociatedwith the type namevia the schemaê . For this purpose,we
haveto furtherconstraintheinterpretationfunction:An interpretationfunction º is
a legal instanceof aschemaê if f theset g is finite, andfor all ëì�?í :

ºÀv�ëÝ{ÜËÌºÀvîêðï)�¬ë,��{ if ëì� dom êðïºÀv�ëÝ{t|�ºÀvxê+ñT�¬ë��´{ if ëì� dom ê+ñ
Fromtheabovedefinition,weseethattheinterpretationof aprimitivetypenameis
includedin theinterpretationof its description,while theinterpretationof avirtual
type is the interpretationof its description.In otherwords,the interpretationof a
primitivetypenamehasto beprovidedby theuser, accordingto thegivendescrip-
tion, while theinterpretationof avirtual typenameis drawn from its definitionand
from the interpretationof primitive type names,thuscorrespondingto a view in
databasecontext.

Givena type ¾ of a schemaê , we saythat ¾ is consistentif andonly if thereis a
legal instanceº of ê suchthat ºÀv�¾S{)~|ÄÃ . Giventwo types¾Ña , ¾
c of aschemaê , we
saythat ¾Ña subsumes¾
c if f ºÅv�¾Ña�{óòÌºÀv6¾
cj{ for all legalinstancesº of ê . Consistency
andsubsumptioncanbereducedto eachother, accordingto thefollowing rules: ¾Ña
is subsumedby ¾
c if f ¾ÑaôÛXá]¾
c is inconsistent,and ¾ is consistentif f it is not
subsumedby Â . The consistency problemis PSPACE-hard;in [5], an algorithm
for checkingthe consistency of a type (which canalsobe usedfor subsumption
computation),basedon thetableauxcalculus, is given.
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