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1. INTRODUCTION

When databaseschemador the samedomainare devel-
opedby independenparties they will almostalwaysbequite
differentfrom eachother Thesedifferencesarereferredto
assemanticheterogeneitySemanticheterogeneitylsoap-
pearsin the presence®f multiple XML documentsywebser
vices and ontologies— or more broadly whenever thereis
morethanoneway to structurea bodyof data.Thepresence
of semi-structuredataexacerbatesemanticheterogeneity
becauseemi-structuredchemasremuchmore e xible to
startwith. In orderfor multiple datasystemso cooperate
with eachother they mustunderstanaachother's schema.
Without suchunderstandingthe multitude of datasources
amountgo adigital versionof the Tower of Babel.

This article begins by reviewing several commonscenar
ios in which resolvingsemanticheterogeneitys crucial for
building datasharingapplications We thenexplain why re-
solving semanticheterogeneitys dif cult, andreview some
recentresearchand commercialprogressn addressinghe
problem. Finally, we point out the key openproblemsand
opportunitiesn thisarea.

2. SCENARIOS OF SEMANTIC HETERO-
GENEITY

Enterprise Information Integration (Ell): Enterprisego-
dayareincreasinglyfacingdatamanagemerthallengeshat
involve accessingand analyzingdataresidingin multiple
sourcessuchasdatabassystemslegag/ systemsgERPsys-
temsand XML les andfeeds. For example,in orderfor
an enterpriseto obtain a “single view of customer”,they
musttapinto multiple databasesSimilarly, to present uni-
ed externalview of their data, eitherto cooperatewith a
third partyor to createanexternalfacingwebsite,they must
accesgnultiple sources.As the electronicmarketplacebe-
comesmore prevalent, thesechallengesare becomingbot-
tlenecksin mary organizations.

Thereare mary reasondor which datain enterprisese-
sidesin multiple sourcesn whatappeargo be a haphazard
fashion.First, mary datasystemsveredevelopedindepen-
dently for targetedbusinessneeds,but when the business
needschanged,dataneedsto be sharedbetweendifferent
partsof the organization.Secondgnterprisegcquiremary
datasourcesasaresultof memgersandacquisitions.

Overtheyearstherehave beenmultiple approachet ad-
dressingenterprisenformationintegrationchallengesUntil
the late 90's, the two leadingapproachesvere dataware-
housingand building customsolutions. Datawarehousing
solutionshadthedisadwantageof accessingtaledatain mary
casesand not being able to work acrossenterprisebound-
aries. Customcodesolutionsare expensve, hardto main-
tain, andtypically not extensible.

In the late 90's, several companieoffered solutionsthat
gueriedmultiple datasourcesn real-time. In fact,theterm
Ell is typically usedto refer to thesesolutions. While the
usersof thesesystemsstill seea singleschemgwhetherre-
lationalor XML), queriesaretranslatecbnthe y to appro-
priate queriesover the individual datasourcesand results
arecombinedappropriatelffrom partialresultsobtainedrom
the sources.Consequentlyanswergeturnedto the userare
always basedon fresh data. Interestingly several of these
companiesouilt their productson XML platforms,because
the e xibility of XML (andmoregenerallyof semi-structured
data)deemedt moreappropriatdor dataintegrationappli-
cations.A recentarticle [8] sureys someof the challenges
facedby thisindustry Finally, morerecentresearclhaspro-
posedpeerto-peerarchitecturedor sharingdatawith rich
structureandsemantic$1].

In ary of thesedatasharingarchitecturesteconcilingse-
mantic heterogeneitys key. No matterwhetherthe query
is issuedon the y, or datais loadedinto a warehousegr
whetherdatais sharedhroughwebservicesor in a peerto-
peerfashionthe semantidifferencedetweerndatasources
needto be reconciled. Typically, thesedifferencesarerec-
onciled by semanticmappings Theseare expressionghat
specifyhow to translatedatafrom one datasourceinto an-
otherin a way that preseresthe semanticof the data,or
alternatvely, reformulatea query posedon one sourceinto
aqueryon anothersource.Semantianappingsanbe spec-
ied in a variety of mechanismsincluding SQL queries,
XQueryexpressionsXSLT scripts,or evenJava code.

In practice,the key issueis the amountof effort it takes
to specifya semantianapping.In atypical dataintegration
scenariopver half of the effort (andsometimesup to 80%)
is spenton creatingthe mappings,andthe processs labor
intensize and error prone. Today mostEll productscome
with sometool for specifyingthesemappingsbut the tools
arecompletelymanual- anexpertneedgo specifytheexact



mappingbetweerthetwo schemas.

Querying and Indexing the Deep Web: The deepweb
refersto webcontentthatresidesn databaseandis accessi-
ble behindforms. Deepwebcontentis typically notindexed
by searchenginesbecausehe crawlers that theseengines
employ cannotgo pastthe forms. In a sensethe form can
be seerasa (typically small)schemaandunlesshecrawler
canunderstandhe meaningof the elds in theform, it gets
stuckthere.

The amountand value of contenton the deepweb are
spectaculaBy someestimatestherearel-2 ordersof mag-
nitude more contenton the deepweb thanthe surfaceweh
Examplesof suchcontentrangefrom classi ed adsin thou-
sandsof newspapersacrossthe world, to datain govern-
ment databasesproduct databasesyniversity repositories
andmore.

Heretoo, the challengestemsfrom the fact that thereis
a very wide variety in the way web-site designersmodel
aspectf a given domain. Therefore,it is impossiblefor
designerof web cravlersto assumecertainstandardorm-
eld namesandstructuresasthey cravl. Evenin a simple
domainsuchas searchingfor usedcars, the heterogeneity
in formsis amazing. Of course the main challengecomes
from the scaleof the problem. For example the website at
www.everyclassi ed.comthe rst siteto aggreatecontent
from thousand®f form-basedsourcesjncludesover 5000
semantianappingsof webformsin the commoncateories
of classi edads.Laterin thearticle,l will describegheideas
which madethisweb site possible.

It is importantto emphasizeéhat accessinghe deepweb
is even more of a challengefor the contentprovidersthan
it is for the searchengines.The contentprovidersthrive on
gettingusers'attention.In the early daysof the WWW, ary
gooddatabas&ouldbeimmediatelyknown (e.g.,IMDB for
movies). However, the numberof suchdatabasetodayis
vast(estimatedn the hundred®f thousands)andpeopledo
not know aboutthem. Instead peoples searchestartfrom
the searchbox of their favorite engine,and theseengines
do a very poor job of indexing deepweb content. Hence,
if | createan excellentdatabaseof middle-eastermecipes
and put it on the web behinda form, it may remaininvis-
ible. Ironically, I'm betteroff creatinga setof web pages
with my recipecontentsthan creatingan easily searchable
database Finally, it shouldbe notedthat enterprisesearch
facesa somavhat similar problem: mary of theinteresting
datasourceswithin anenterprisearein databasesndeven
providing simple keyword searchover this contentis quite
challenging.

Merchant Catalog Mapping: A frequentexample of se-
manticheterogeneitpccursin aggreyatingproductcatalogs.
Consideran online retailer suchas Amazon.com. Sucha
retailer acceptsfeedsof productsfrom thousandsf mer

chants,eachtrying to sell their goodsonline. To aggre-
gatethe vastnumberof feeds,online retailersprescribea
schema:a hierarchyof productsandtheir associategbrop-

erties. To sell their productsonline, the merchantsieedto
senda feed that adheredo the prescribedschema. How-
ever, on the back-endthe dataat the merchants storedin
their local schemawhich is likely quite differentfrom the
one prescribedby the retailer (andtypically coversa small
fragmentof thatschema)Hence the problemwe facehere
is creatingmappingsbetweerthousandsf merchantanda
growing numberof recognizedonline retailers(roughly 10
of themin the USA at this time). An interestingpoint to
noteaboutthis scenarids thatthereis not necessarilya sin-
glecorrectsemantianappingfrom themerchantg schemao
thatof theretailer Instead becauseherearesubtlediffer-
encesdetweerproductcateyories,andproductscanoftenbe
mappedto several cateyories,thereare multiple mappings
thatmay make senseandthe “best” oneis the onethat ulti-
matelysellsmoreproducts!

SchemaversusData heterogeneity: Heterogeneityccurs
not only in the schemajut alsoin the actual datavalues
themseles. For example,there may be multiple ways of

referringto the sameproduct. Hence,eventhoughyou are
told thata particular eld in a merchants datamapsto Pro-

ductName, thatmaynot be enoughto resole multiple ref-

erencego a single product. As othercommonexamples,
thereareoftenmultiple waysof referringto companiege.g.,
IBM vs. InternationalBusinessMachines),people names
(that are often incomplete),and addresses.To fully inte-

gratedatafrom multiple sourcesone needsto handleboth

the semantic-lgel heterogeneityand the data-lerel hetero-
geneity Typically, differentproductshave addressedhese
two partsof the problemin isolation. As oneexample,sev-

eralof the productsfor “globalspendanalysis’have focused
on data-level heterogeneity This article focusesmostly on

scheméaheterogeneity

Schemaheterogeneityand semi-structured data: | argue
that the problemof semanticheterogeneityis exacerbated
whenwe dealwith semi-structuredata for severalreasons.
First,theapplicationsnvolving semi-structuredataaretyp-
ically onesthat involve sharingdataamongmultiple par
ties, and hencesemanticheterogeneitys part of the prob-
lemfrom thestart. Secondschemasor semi-structuredata
aremuchmore e xible, sowe aremorelikely to seevaria-
tions to the schema. Finally, the main advantageof semi-
structureds that attributescanbe addedto the dataat will
(or evensimply derivedfrom inspectingthe dataitself), and
oncethat e xibility is in place,the numberof additionalat-
tributeswe seeis signi cant, andunderstandingheir exact
meaningoecomesrucial. Onthe ip side,in mary applica-
tionsinvolving semi-structuredatait is enoughto reconcile
only a speci ¢ setof attributes, while we canstill manip-
ulateanddisplayary otherattribute. Speci cally, we only
needto reconcilethoseattributesthat are going to be used
for equatingdataacrosamultiple sources.
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Figure 1: Reconcilingtwo disparate schemas.

3. WHY ISIT SOHARD?

Theproblemof reconcilingschemdneterogeneithasbeen
a subjectof researcHor decadeshut solutionsarefew. The
fundamentalreasonthat makes semanticheterogeneityso
hardis thatthe datasetsweredevelopedindependentlyand
thereforevaryingstructuresvereusedto representhe same
or overlappingconcepts. In mary caseswe aretrying to
integrate datasystemshat were developedfor slightly (or
vastly) differentbusinesseeds.Hence,evenif they model
overlappingdomainsthey will modelthemin differentways.
Differing structuresarea byproductof humannature— peo-
ple think differentlyfrom oneanothervenwhenfacedwith
thesamemodelinggoal. As a simpleillustration,oneof the
assignments give in my seniorlevel databaseourseis to
designaninventoryschemaasecdnaone-pagénglishde-
scriptionof whatit shouldcover. Invariably, the schemad
getfrom my studentsarevastly different[6].

Fromapracticalperspectie,oneof thereasonshatschema
heterogeneitys dif cult andtime consumingis thatit re-
quiresbothdomainandtechnicalexpertise:you needa per
son that understandshe businessmeaningof eachof the
schemaseingreconcilecandpeopleskilledin writing trans-
formations(e.g.,SQL or XQueryexperts).

While scheméaheterogeneitys challengingfor humansit
is drasticallymorechallengingfor programs.A programis
only giventhetwo schemaso reconcile- but thoseschemas
aremerelysymbols.They do notcapturetheentiremeaning
or intentof theschemas- thoseareonly in the mindsof the
designers.

Figure 1 illustratessomeof the challengesn resolving
semanticheterogeneityThe gure shaws a typical manual
schemamatchingtool in which the designemeedsto drav
linesbetweerthematchingattributesof thetwo schemasAs
canbeseenn theexample thereareseveralkindsof seman-
tic discrepanciebetweerschemas(l) the sameschemael-
ementn thetwo schemasregivendifferentnamege.g.,Is-
sueDate andOrderlssueDate), (2) attributesin theschema
aregroupednto tablestructuregor XML nesting)in differ-
entways(e.g.,considerthe subtreef the BuyerParty el-
ementin the two schemas)and(3) oneschemamay cover
aspectof thedomainthatarenot coveredby the other(e.g.,
theleft schemaloesnothave arythinglike OrderSummary
in theright schema).

When reconciling heterogeneityfrom thousandsof web
forms, thereare additionalsourcesof heterogeneity Some
formsarealreadyspecializedor a particulardomain(used
cars,jobs), while in othersthe userneedsto selecta cate-
gory beforeenteringadditionalattributes.In somecasesthe
locationis alreadyimplicit in theform (e.g.,usingsomehid-
den elds), while in otherstheuserneedso selecta city and
stateor zip.

It is oftenarguedthatthe way to resole semantichetero-
geneityis thoughstandardschemas.However, experience
hasshowvn thatstandard$iave very limited successindonly
in domainswherethe incentvesto agreeon standardsare
very strong. Even then, asthe online retailer exampleil-
lustrated,while dataproviders may sharetheir datausing
a standardtheir own datasystemsstill employ their origi-
nal schemagandthe costof changingthosesystemss pro-



hibitive). Hence, semanticheterogeneityneedsto be re-
solved at the stepwherethe dataprovider exposesits data
to its counterparts.

As onethinks aboutresolvingschemaheterogeneityit is
importantto noteseveralcommoninstance®f theproblem,
which mayshedlight onthe speci ¢ problemat hand:

Oneschemanaybeanew versionof the othet

Thetwo schemasnay be evolutionsof the sameorigi-
nalschema.

We may know that we have mary sourcesmodeling
thesameaspect®f the underlyingdomain(horizontal
integration).

We may have a setof sourceghat cover differentdo-
mainsbut overlapatthe seamgverticalintegration).

4. THE STATE OF THE ART

Resolvingschemaheterogeneitys inherentlya heuristic,
humanassistedprocess.Unlessthereare very strongcon-
straintson how the two schemasyou are reconciling are
differentfrom eachother one shouldnot hopefor a com-
pletelyautomatedolution. The goalis to reducethetime it
takesa humanexpertto createa mappingbetweenra pair of
schemasandenablethemto focuson the hardesiandmost
ambiguougpartsof themapping.For example thetoolsthat
enabledbuilding the web site at www.everyclassi ed.com
requiredthatwe be ableto mapthe elds of thewebformto
our own scheman oneminute,on average!

As would be expected,peoplehave tried building semi-
automatedschemamatchingsystemsby employing a vari-
ety of heuristics(see[13] for a surey). Below we review a
few of theseandtheir limitations. We notethatthe process
of reconcilingsemanticheterogeneityypically involvestwo
steps. In the rst, calledschemamatching,we nd corre-
spondencebetweerpairs(or largersets)of elementf the
two schemaghat refer to the sameconceptsor objectsin
therealworld. In the secondphasewe build on thesecor-
respondencet createthe actualschemamappingexpres-
sions. The Clio Projectat IBM Almaden[15] is a prime
exampleof work on building the mappingexpressions.

The following classesof heuristicshave beenusedfor
schemamatching.

Schemaelementnames: elementnames(e.g.,table
andattributenamesyarrysomenformationabouttheir
intendedsemantics.Hence,by looking at the names,
possiblystemmingthewords rst we canobtainclues
for the schemamatcher The challengesnvolvedin

usingnamesarethatthe useof synorymsis very com-
mon asis the useof hyperryms (wordsthat are spe-
cializationsor generalizations)Furthermorewe often

1 Mapping web forms also involves challengesbeyond semantic
heterogeneityespeciallyin the ageof JaraScript.

seethat sameword being usedwith different mean-
ings (homoryms). In addition, we often seeabbrevi-
ationsand concatenationsf words appearingn ele-
mentnames.

Data types: schemaelementghat mapto eachother
arelikely to have compatibledatatypes,but thisis cer

tainly not arule. However, in mary schemashe data
typesare underspeci ed(e.g., CDATA for XML). In

practice consideringlatatypesis ausefulheuristicfor

ruling out certainmatchcandidates.

Datainstances:elementgrom two schemashatmatch
eachother often have similar datavalues. Similari-

ties canarisein severalways: (1) valuesdravn from

the samesmall domain,e.g., makesof carsor names
of countries,(2) signi cant occurrence®f the same
values(e.g., superlatves describinghousedfor sale),
or (3) patternsof values(e.g., phonenumbers,price

ranges)Datainstancesireextremelyusefulwhenavail-
able,but onecannotrely ontheir availability.

Schemastructure: Matching elementsin a schema
aretypically relatedto otherrelatedschemaelements.
For example,in anobject-orientedhierarchyit's often

the casethatif two classesnatcheachother, thenthe

children of theseclasseawill also (at leastpartially)

match. In XML DTDs proximity of attributesin a

DTD (e.g.,aPhone eld next to Agent may suggest
thatit is the phoneof the agent). However, relying

on sucha heuristiccanbe very brittle, andone of the

main challengeds to nd aninitial matchthatdrives

the similarity of its neighbors.

Integrity constraints: Consideringntegrity constraints
on single attributesor acrossattributescan be useful
for generatingnatches For example,if two attributes
areknown to bekeysin theirrespectre schemasthen
thatprovidesadditionalevidencefor their similarity.

While eachof theseheuristicsis useful, experiencehas
shawvn thattaking any of themin isolationleadsto a brittle
schemamatchingsolution. Hence researcthasfocusedon
building systemghatcombinemultiple heuristicq2, 3, 12].

Despitetheseideas,commercialproductsrely on com-
pletely manualspeci cation of semanticmappings. They
help by offering visual interfacesthat enabledesignergo
draw thelinesbetweerelement®of disparateschemasyhile
the nitty gritty detailsof the mappingcan often be gener
atedon thebackend. Thesetools alreadysave a signi cant
amountof time, but they do not suggestmappinggo thede-
signer

5. AN EMERGING SOLUTION: LEVERA G-
ING PAST EXPERIENCE

Oneof thefundamentateasonshatthe schemamnatching
solutionsdescribedabove arebrittle is thatthey only exploit



evidencethatis presenin the two schemadeingmatched,
ignoring pastexperience. Theseschemaoften lack suf-
cient evidenceto be able to discorer matches. However,
looking morecloselyat schemanatchingtasksiit is evident
that thesetasksare often repetitve. Speci cally, we often
nd that we repeatedlymap schemasn the samedomain
into acommonmediatedschemakFor example,creatingthe
engineat www.everyclassi ed.comnvolved mappingthou-
sandsof web forms in the samedomaininto a common
schemathe one exposedto the usersby the engineitself.
A humanexpert, after seeingmary schemasn a particu-
lar domain,is ableto mapschemasnuchfasterbecausehe
hasseemmary variationson how conceptsn thedomainare
representeth schemas.

Thechallengethereforejs to endav the schemamatcher
with thesamecapabilitiesleveragepastexperience For ex-
ample,oncethe systemhasbeengiven severalmappingsn
the domainof usedcars,it shouldbe ableto predictmap-
pingsfor schemast hasnot seenbefore. As it seesmore
schemasn a particulardomain,its predictionsshouldbe-
come more accurate,and it should be more robustin the
presencef variations.

This ideawas exploredfor the pastfew yearsin several
academigesearclsettingq3, 7,9, 10, 11], andhasrecently
beenappliedcommerciallyfor the rst time by Transformic
Inc., the creatorsof www.everyclassi ed.com.

Theresearclprojectsconsideredheuseof MachinelLearn-
ing asa mechanisnfor enablinga schemamatcherto lever
agepreviousexperienceln MachineLearning thesystenis
provided a setof training examplesandusesthemto learn
modelsof the domainof interest. In this contet, the train-
ing examplesare schemamappingsthat are manuallycon-
structedby domainexpertsand given to the system. The
modelsof the domainenablethe systemto look at a new
schemaand predicta schemamap. For example,the sys-
tem can learn that the attribute concerninghousedescrip-
tionstypically involvesa long text andincludefrequentoc-
currence®f superlatves. Furthermorethe systencanlearn
variationson thewayspeoplenamethis eld in practice.

Web-sewiceseaich engine: Anotherapplicationof thisidea
is searchfor web services,namelylocating web services
(or operationswithin them)thatarerelevantto a particular
need. Simple keyword searchdoesnot sufce in this con-
text becausdeywords(or parametenames)do not capture
the underlyingsemanticsof the web service. The Woogle
SearchEngine (describedin a paper[4], and available at
www.cs.washington.edu/aogle)is basednanalyzingalarge
collection of web servicesand clusteringparametenames
into semanticallymeaningfulconcepts.Theseconceptsare
usedto predictwhentwo web serviceoperationshave simi-
lar functionality.

What canyou learn from the past?

The paradigmof learningfrom pastexperienceof perform-
ing schemamatchingtasksis only in its infangy. It is inter

estingto take a stepbackandconsiderwhat onecanlearn
from the pastin this context.

Weassuméhepastis givento usasacollectionof schemas
in a particulardomain,mappingshetweernpairsof schemas
in that collection,andto the extentpossible datainstances.
Theschemasancomefrom arywhere,andcaninvolvevery
closelyrelateddomains,not necessarilynodelingthe same
data.In mary casessuchschemaganbeobtainedrom the
Web or resourcesuchasxml.org. In others,they may be
availablethroughoutan enterprise We oftenreferto sucha
collectionof schemassa corpus in analogyto the useof
corporaof documentsinderlyinginformationRetrieval (IR)
andweb-searckengines.Of coursewhile the corporain IR
involve collectionsof words, herewe aremanagingseman-
tically richerelementssuchasschemasndtheirinstances.

Thegoal of analyzinga corpusof schemasndmappings
is to provide hints aboutdeeperdomainconceptsandat a

ner granularity Looking a bit closerat the approachthe
following areexamplesof whatwe canlearnfrom a corpus.

Domain conceptsand their representationalvaria-

tions: As a rst step,we cananalyzea corpusto iden-
tify the main conceptsin the domain. For example,
in a corpusof bookinventoryschemaswe mayiden-
tify the conceptof book and warehouseand a clus-
ter of price-relatecelements.Even moreimportantly
we will discovervariationson how theseconceptsare
represented.The variationsmay differ on namingof
schemalementsgroupingattributesinto tablesor the
granularityof modelinga particularconcept. Knowl-

edgeof thesevariationswill be leveragedwhen we
matchtwo schemaén thedomain.

Relationshipsbetweenconcepts:Givenasetof con-
ceptswe candiscoverrelationshipbetweerthem,and
thewaysin whichtheserelationshipgremanifestedn
the representationFor example,we can nd thatthe
Books table typically includesan ISBN columnand
aforeignkey into an Availability table,but thatISBN
never appearsn a Warehouse table. Theserelation-
shipsare usefulin orderto prune candidateschema
matcheghatappeatesslikely. They canalsobeused
to build asystenthatprovidesadvicein designingnew
schemas.

Domain constraints: We canleveragea corpusto nd
integrity constraintoon the domainandits representa-
tions. For example,we canobsere that ISBN is a
foreign key into multiple tablesinvolving books,and
hencepossiblyanidenti er for books,or discoverlikely
datatypesfor certain elds (e.g.,addressprice). Con-
straintsmay have to do with ordering of attributes.
For example,in a corpusof web forms aboutcarsfor
sale,we may discover that the make attribute is al-
waysplacedbeforethe model andprice attribute, but
occursafterthenew/used attribute.



Typically, constraintswve discover in this way are soft
constrints in the sensethat they are sometimesvio-
lated,but canstill betakenasrulesof thumbaboutthe
domain. Therefore,they are extremely usefulin re-
solvingambiguousituations suchasselectingamong
severalcandidateschemanatches.

6. LOOKING FORWARD

The needfor e xible data sharingsystems,within and
acrossenterprisess only in its infang.. Thetoolswe have
todaylag far behindcustomemeeds. The problemis only
exacerbatedby the factthatmuchmoreof the datawe need
to managds semi-structuredandis oftenthe resultof try-
ing to extract structurefrom unstructureddata. Hence,we
needto managedatawherethe values attributesnamesand
semanticareoftenuncertain.

Goingforward, | seetwo major challengeareas:dealing
with drasticallylargerschemasinddealingwith vastlymore
complex datasharingenvironments.n bothof these] think
we may have to changeheway we think aboutthe problem
athand.l touchoneachin turn.

Larger Schemasand SchemaSeaich

Thetechnigueglescribedabove dealwith smallto medium
size schemagincluding up to hundredsof elements). To

their credit,it shouldbe notedthatthetechniquegracefully
handlelarge numbersof suchschemas.lt is well known

that mary real-world schemashave thousandf schema
elementg(tablesand attributes),the SAP schemaseing a

primeexample.Thechallengeof creatingschemanappings
is considerabhharderhere:you cannotevenview theentire

schemabn a screeror multiple screens.

| believe thereare two principlesthat needto guidethe
work onmappingargerschemasThe rst isthattheschema
matchingtoolsneedto incorporateadvancednformationvi-
sualizatiormethodgsee[14] for anexampleof suchwork).
Much of the challengein designingschemamappingsfor
large-scaleschemass ensuringthatthe attentionof the de-
signeris constantlydirectedto theright place,thatthey can
view hypotheticalmappingsand remove them easily and
thatthey canseeeffectively how onefragmentof the map-
ping may affect other fragments. The systemshouldalso
be ableto explain why certainmatchpredictionsare being
made.

The secondprinciple | would put forth requireschanging
the way we think of schemamatching. Speci cally, | am
proposinga schemaseach engine The enginecontainsa
setof indexeson the elementf a particularschemgor set
of schemas)Theenginetakesasinputschemalemenie.g.,
tablename attribute, XML tag),schemdragmentspr com-
binationsof schemaragmentsand datainstances.The en-
ginereturnsarankedlist of schemalementsn theindexed
schemahatarecandidatematches.Theinterfaceshouldbe
assimpleaswe seetodayin searctenginesThejusti cation
for suchatool is thatmuchof thework in schemamapping

is simply nding wherein ahugeschemaherearerelevant
fragmentsto the part of the schemahatis currentlyunder
considerationgr alternatvely, nding arelevantscheman
alargecollectionof schemasHence jnsteadof focusingon
toolsthatsolve theentireproblem,but areinherentlybrittle,
build robusttoolsthatbring the userscloserto their needs.
TheWoogleweb-servicesearctenginepreviously described
is an exampleof suchan engine,but searchingover web-
serviceoperationgatherthanschemasndtheir fragments.

Managing Dataspaces

A muchgreaterchallengdacingthe datamanagemertom-
munity is to raisethe abstractiorlevel at which datais man-
aged. Today we have powerful systemdor managingdata
atthelevel of a singledatabaseystem(whetherrelational,
XML, orin someothermodel). However, the datamanage-
mentchallengesve faceareatamuchhigherlevel: we need
to managea dataspaceratherthana database.

A dataspacés comprisedof a setof participantsand a
setof relationships Participantsareindividual datasources:
relationaldatabases{ML repositoriestext databasesyeb
services,datastreamsystems sensordeployments,or ary
otherelementhatstoresor deliversdata. Someparticipants
may betranspaent, with afull languagdor posingqueries;
aprimeexampleis atraditionalrelationalDBMS. Otherpar
ticipants may be opaque— offering limited interfacesfor
posingqueriequsuallysupportedy speci ¢ programs)ex-
amplesareweb services storedproceduresandothersoft-
warepackagesl!n addition,someparticipantanay have no
structureto their data(e.qg., text), or only somestructure
(e.g.,codecollections).Examplesof dataspacesclude:an
enterprisethe desktop.a library, large scienti ¢ projects,a
smarthome,or a battle eld.

A dataspaceshouldbe able to model ary kind of rela-
tionshipbetweentwo (or more)participants.In the extreme
casearelationships afull schemanappingthatenablesar
bitrary dataexchangeandqueryreformulatioramongpartic-
ipants.In othercasestherelationshipcanexpresssimplede-
pendencieswherethe detailsarenot known precisely(e.g.,
oneparticipantis an evolvedversionof another). Therela-
tionshipscan have a temporalaspect,e.g., how frequently
datais exchangedpr thatoneis a mirror or backupof the
other

The key distinguishingfeatureof dataspacenanagement
is that integrationsshouldevolve over time and asneeded,
but datashouldbe accessiblen someform from the very
start. Thismeanghatsimplequerieqe.g.,keyword queries)
shouldalwaysbe supporteanevery participanin thedatas-
pacewithoutary effort. Astheownersof thedataspaceant
to createmoretight integrationbetweersourcesandsupport
more complex queriesacrossparticipants,they can create
moredetailedsemantianappingsasnecessaryln addition,
themanagemerdf dataspaceshouldconsidetheentirelife
cycle of data,includingits acquisition,curation,queryand
update evolution andanalysis.Theinitial ideason manag-



ing dataspacearedescribedn [5], but areonly startingto Successeghallengesndcontraversies.In Proceeding®f the ACM

intrigue the researchcommunity Practitionershave so far - :IiMO%ioncfe?:néimOZt sticalschemdntearat <
. . . . Hean . C.-C. ang.otatisticalschemantegrationacrossgne
embracedheideawith enthusiasm. deepweh In Proc. of SIGMOD 2003.

[10] A. HessandN. KushmerickLearningto Attach SemantidMetadata
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