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Resumo

POESIA(Processe$or Open-Endedystemsor InformationAnalysig, aabordagenproposta
nestetrabalho,visa a constry@o de processosomplexos envolvendointegra@o e aralise de
dadogdediversadontes particularmentemaplica®escienificas. A abordagengé centradam
doistipos de mecanismosia Web senéntica: workflows cientficos, paraespecificae compor
servims Web; e ontologiasde dominio, paraviabilizar a interoperabilidade o gerenciamento
senanticosdosdadose processos.

As principaiscontrituicdesdestatesesao: (i) um arcabouyo tebrico paraa descri@o, lo-
caliza@o e composj@o de dadose servi@s na Web, com regrasparaverificar a consiséncia
senanticade composj@esdessesecursosyii) métodosbaseadogm ontologiasde dominio
paraauxiliar a integra@o de dadose estimara proveniénciade dadosem processogoopera-
tivos na Web; (iii) implementa&o e valida@o parcial daspropostasem umaaplica@o real
no dominio de planejamentagiicola, analisandams benefcios e aslimitacdesde eficiénciae
escalabilidadelatecnologiaatualdaWeb senéntica,facea grandes/olumesde dados.



Abstract

POESIA(Processefor Open-Ende@ystemsdor InformationAnalysis),theapproactproposed
in this work, supportsthe constructionof complex processeshat involve the integrationand
analysisof datafrom several sourcesparticularlyin scientificapplications. This approachs
centeredn two typesof semantidMeb mechanismsscientificworkflows, to specifyandcom-
poseéWebservicesanddomainontologiesto enablesemantianteroperabilityandmanagement
of dataandprocesses.

The main contritutionsof this thesisare: (i) atheoreticaframenork to describediscover
andcomposalataandservicesontheWeb,includingrulesto checkthesemanticonsisteng of
resourcecompositions{ii) ontology-baseanethodso help dataintegrationandestimatedata
provenancen cooperatie processe®n the Web; (iii) partial implementationand validation
of the proposal,in a real applicationfor the domainof agriculturalplanning, analyzingthe
benefitsand scalability problemsof the currentsemanticWeb technology when facedwith
large volumesof data.
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Capitulo 1

Intr oducao

“The only abnormalityis theincapacityto love”

Anais Nin

1.1 Motivacaoe Contextodo Trabalho

A motivag@o destetrabalhoé a constry@o de sistemasomputacionaiparaa coleta,integra-
cao e processamentde dados visandoa extracgao de informa@o em aplicadescientficasna
agricultura.A aplica@outilizadacomoestudadecasoé o zoneamentagricola— determinaéo
dasterrasmaisapropriadagarao cultivo dediferentesulturasesmumadadaregiaogeogéfica.
Um processale zoneamentagiicolaclassificaasterrasemparcelagsieacordocomo seugrau
de aptidho paraumadeterminadaulturae asépocasdo anomaisindicadasparaa realiza@o
dostratosculturais(taiscomo,plantioe adubaéo). O objetivo & determinamsmelhoreopdes
parao usoprodutivo e sustendvel dasterras.

As informa@esresultanteslo zoneamentagicola sao fundamentaiparao planejamento
e gerenciamentale toda a logistica da produ@o e distribuicdo. Orgaos governamentaie
instituipdesfinanceiras por exemplo, baseiam-seessasnformadesparadefinir e executar
politicasde conces@ode empgéstimosagficolas. Essagoliticasvisamdirecionaros fazendei-
ros parapraticasque contribuamparaminimizar osriscose aumentai produtvidadede seus
empreendimento€Experénciasemdiversossetoresla agriculturabrasileiranosdltimos anos
compravamosbenefciosdesseipo deabordagem.

O zoneamentagiicolaenvolve a ardlisede diversosfatorestaiscomoclima, relevo e tipos
de solo, de modoa compatibilizaras necessidadedasculturas,nasdiversasasesdo seude-
servolvimento,comascondidesambientaissperadasasdiferentegegidesaolongodo ano.
Osdadosnecesariosao processamente aralisede informa@essao obtidosde fonteshetero-
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géneasincluindosensoreparacoletardadosde fendmenodisicose biolbgicos(por exemplo,
estadesmeteorobgicas,satlites e dispositvos de automaéo laboratorial). Muitas vezesé
necesario integrar dadosoriundosde sistemadegadose de diferentesinstituigdes, a fim de
minimizaroscustoscomcoletade dadose consguir volumee amostragenespaciak temporal
suficientegparaa obten@oderesultadosonfiaveis.

Um processalezoneamentagticolaenvolve a cooperadodediversasespecialistagraba-
Ihandoemorganiza®esdistintase utilizandoumagrandevariedadele plataformasomputaci-
onaise ferramentasle analisede dados.Porexemplo,agibnomoscontribuemcomtécnicagde
plantioe modelosde gerenciamentde lavourase bidlogosfornecemosrequisitosnutricionais
parao bomdeserolvimentodasplantas Estaisticosfazemaaralisederiscosdeperdasasla-
vouras(por exemplo,devido a secaou geada) Ambientalistasavaliamo impactodasele@ode
culturaagficolasobreo meioambientea curtoe longoprazo.Em suma,diversosespecialistas
combinama suaexperiénciae umagamaderecursocomputacionaiparaconstruirmodelosde
zoneamentagiicola. Essesnodelose os processogomputacionaisjueelesoriginamvariam
comaculturaagficola,regiaogeogaficae praticasdosespecialistas instituigdesernvolvidos.

O desafiodo pontode vistade sistemasle informago, &€ organizare conectaros recursos
computacionaigdadose servims) necesarios. Além disso,é fundamentapromover o reuso
de tais recursos permitindotambem suacomposj@o. A importanciado reusonestetipo de
dominio podeseravaliadausandaum exemplosimples.Considereo deserolvimentode pro-
cessoslezoneamentagficolaparaas20 principaisculturasagficolasnoBrasil,e 10variedades
distintasde cadacultura(com diferentesrequisitosclimaticose nutricionais).Dividir o Brasil
deacordocomasfronteirasestaduaig27 estadosyesultaem 5400modelos.Todavia, grande
partedosrecursoscomputacionaisitilizadose mesmoda estruturados processosesultantes
podesercompartilhada.A dificuldadeem promover o reusoresideem gerenciar aceno de
modelose recursoscomputacionaisge modoa promover suacomposj@o em processosada
vezmaissofisticadosM étodossistenaticose automatizadoparagerenciataisrecursos pro-
cessosaocruciais,pois o gerenciamentmanualé caroe sujeitoa erros.Pararesponden este
desafiosaonecesariosresultadoemintegra@odedadosjnteroperabilidade composj@ode
servimsnaWeh

Integraco de dadosconsisteem produzirumavisao unificadade dadoshetero@neosde
modoa permitir o seuinter@mbioe processamentoonjunto. Propostagparasolucionaresse
problema,na maioria das vezes,partemdo pressupostale mundo fechado, e requerema
estipula@o de um esquemainico, paracompatibilizarasnecessidadede dadosde umaorga-
nizac@o. Visdesdo esquemaylobal permitemrestringiro acessa@ contemplanecessidadess-
pedficas.No entantop pressupostde mundofechaddregiuentementsemostraimpraticavel,
especialmentao contexto de aplicad®esdistribuidasnalnternet.

EstateseapresentdP OESIA (Processedor Open-EndedSystemdor Information Analy-
sig) parafazerfrente a tais desafios. POESIA & umaabordagenparaa composjéo de da-
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dos e servims em processosooperatros ha Web senaéintica. Em POESIA, o inter@ambio
de informa@dese a cooperaao de sistemasaubnomosno processamentde dadosenvolve
integrad@o de dadosemdiversospontose emmultiplos estgios. A abordageniPOESIAcom-
binaontologiasde doninio, modelosde atividadese workflows paraa composj@o de servios
naWeh Estaabordagentomplementabutraspropostagaraa recuperago, sele@o e com-
posi@o de servims, com novasfacilidadesparao gerenciamentalos recursosutilizadosem
processosooperatios.
As principaiscontrituicdesdatesesao:

e descri@odosrequisitosde processosle zoneamentagiicola e elabora@o de propostas
paracontempé-los;

e desemolvimentode um arcaboyo tebrico, baseadem ontologiasde dominio, mode-
los de atividadese workflows cienfficos, paraa descri@o, organiza@o, recuperago e
composj@o de servi@s na Web, com regrasparaverificar a consisénciasenanticade
composjéesderecursos;

e combina@odeumaontologiade dominio e descri@esde fluxos de dadosparaavaliar a
proveniénciadedadose auxiliaraintegra@@odedadossmprocessoslistribuidosnaWeb;

¢ valida@o parcial do arcabouyo tebrico, atrasés da implementa@o de alternatvas para
lidar com grandesvolumesde dadosem um doninio espedico, demonstrandas defi-
ciénciasda tecnologiaatual da Web sen@énticae propondoalternatvas, queincluema
combing@odetal tecnologiacommétodosconvencionaisde gerenciamentde dados.

1.2 Organiza@odaTese

Os captulos centraisdestatesesao artigos publicadosou submetidospara publica@o. As
definigdese a nota@o utilizadasem cadaartigo foram as que melhorseenquadream aosre-
sultadosapresentados/outrabalhogelacionadosAssim, o leitor deve ficar atentoa algumas
variades.

O Cagtulo 2 eumarevisaobibliograficasobreinteroperabilidaddesistemasieinformago,
submetidaao corpoeditorial da série relabrios técnicosdo IC/Unicamp. Ela cobretrabalhos
emintercon&ao de bancosde dadosrelacionaisclassificaéo de problemagde integra@o de
dadosprincipaispadiese arquiteturasalemdosmaisrecenteprogressoemWebsenantica,
servims Web e workflows cientficos. Estarevisao descrge algunsdosproblemasem aberto
abordadogpelatese.Aléemdisso,detalhaconceitogedricosapenasnencionadososcagtulos
subsegentesfacilitandodestaformaaleitura.

O Cagtulo 3 (POESIA:An Ontolagical Workflow Approad for Composing/\eb Services
in Agriculture) [83], salwo por pequenasorre®esefetuadasmestaversiorevisadaparaatese,
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correspondex um artigo aceitoparapublica@o no VLDB Journal, volume 12, nUmero4, de
2003. Esteartigo descrge osfundamentosiaabordagenPOESIA.Ele mostracomoumaon-

tologiadedominio podeserutilizadaparaorganizavastogeperbriosde padBesdeatividades,
guedescrgem a composj@o de dadose servigs naWeb parao processamentde dadosci-

entficos. Estapropostade POESIAdefinesuaarquiteturae abordaa quesio de ontologiade
formatebrica. Os caftulos subsegentesabordamaspectogspedicos do desemolvimentoe

manipulag@ode ontologiasnaimplementaéode aplicades.

Uma ontologiade dominio em POESIA& organizadaem mltiplas dimen®es(por exem-
plo, espao, tempo,instituicdo, produtoagiicola). Cobertuias ontologicas— tuplasde termos
tomadogdaontologia— descreemo escopae utilizacdodedadose servi@s, isto &, 0 contexto
espedico emqueverdesdistintasdosservios podemserutilizadas. Correla@essenanticas
entreescopode aplica@o definemmeiospararecuperare comporrecursosbemcomo ve-
rificar a consisénciasenmanticadas composjdes. O artigo transcritono Cagtulo 3 define
operad®es— agrega@o, especializa@io e instanciaéo — paraapoiara composj&o de servis.
Essa®perabes,aplicadas padbesde atividades permitemdefinir framewvorks de processos
cooperativse adapé-losdeacordocomnecessidadesspedicas. Um framewvork de processo
é constitidodeum conjuntode padBesdeatividadesjmplementadapor serviosWeb,quese
comunicamparaatingir algumobjetivo comum(por exemplo,determinara aptico agficola).
Cadapadio de atividadeest associad@ umacoberturaontologica, que defineo seuescopo
deutilizacao,deacordocomconceitosespedicosdo doninio. A adaptaéode um framewvork
consisteemselecionaveresde padiBesde atividade,de umahierarquiade atividadese sub-
atividadespararealizarumadadataref, referentesa um escopade utilizagdo espedico (por
exemplo,determinaia apticho agficolaparacafe no Centro-Suldo Brasil).

O Cagtulo 4 (UsingDomainOntologiesto Help Track DataProvenancg[84], foi publicado
no SBBD 2003. Ele apresentaim métodobaseadaem ontologiade dominio, estruturadala
maneirgprescritanaabordagenPOESIA paraestimaraproveniénciadedadosj.e.,adescri@o
dasorigensdeum dadoe do processautilizadoparaproduzi-lo.O métodoapresentadderivaa
proveniénciade dadose capturaa sermanticaoperacionatle processosle integra@o de dados,
usandaaontologiaparadescreer e correlacionaescopo® granularidadegde dados.

Osestudogle casoutilizadosnesseartigo referem-se duasdatawarehouses(i) atributos
climatologicose (ii) produ@odefrutasno Brasil. Ambasorganizamseusdadossegundoasdi-
men®estempoe territorio, sendoquea primeiratamkEminclui umadimen&o paraespecificar
asorganizadesresponaweis pelacoletadosdados,e a segundautiliza umacateyoriza@o de
produtosagificolas,paraclassificaros tipos de frutasproduzidos.O artigo mostracomoessas
dimen®espodemserdescritagpor umaontologiamultidimensionaltal como prescritopela
abordagenPOESIA.O processale caigadawarehousdi), por exemplo,envolve diversosre-
posibriosintermedarios,queprovéemserviosde acess@ dadosclimatologicosprovidos por
diferentesinstituicbes. Essesservi@ms tém diferentescoberturasespaciais.O artigo propde a
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utilizacdo de coberturantologicasparadelimitar o escopodos diferentesservims e estimar
asfontesde dadosque contribtuemparaum dadofornecidopor um servi®. O artigotambkem
sugerecomocobertura®ntolbgicaspodemauxiliar naintegra@ode dadosnoscasoemauea
faltadeumidentificadorcomumpodesersanadaeladescri@odo escopalosdadosutilizando
cobertura®ntologicas.

O Captulo 5 (ApplyingSemantidAeb Technolagy in Agricultural Sciencel submetidcao
Information Systemgournal — Speciallssueon SemantidAeb and Web Servicesreportauma
experiéncianaconstry@oe manipula@odeumaontologiaparao dominio agficola. Ele analisa
aslimitagdesdospadiese ferramentastuaisdaWeb senaéinticaparalidar comgrandes/olu-
mesdedadosdeontologiageais.O artigoapresentamasolu@oescahwel, baseadaacriacio
devisbesdaontologia,paraa caga,apresentgio e manipula@odessantologia.Estasolu@o
éimplementad&mumabiblioteca,denominad@ntoCorer, queconjugaa tecnologiadaWeb
senanticacomtécnicadradicionaisde manipula@odedados.

A especificagodaontologiamanipuladgeloOntoCwer podeserproduzidacomumafer-
ramentade edicdo de ontologiase exportadavia RDF. A estruturageraldaontologia(araloga
a um diagramade classesk semprecarrggadade umaespecificago em RDF Schemagon-
tida emum arquio texto. As instanciaspodemsercarrggadasde um arquivo texto contendo
suasespecificabesem RDF ou de um bancode dadosrelacional,mantenddriplas RDF ou
instanciasde entidadesde um modelode dadoscornvencional(por exemplo Estado,Cidade,
etc.). O sistemade bancode dadosrelacionalprové acessaficienteaosdados.O OntoCover
cria a visao da ontologia,conformeespecificad@elo desernolvedor da aplica@o, e permite
visualiza-la,navegarsobresuaestruturaselecionatermosparacomporcobertura®ntologicas
e compararessascoberturasontologicas. O OntoCover foi deserolvido em Java e podeser
acopladoa aplica@esonde essadacilidadesbasicassejamnecesarias. O artigo apresenta
o0 resultadode experimentosmostrandoque a cailga e a criac@o de visdbesde umaontologia
podemser realizadagmuito mais eficientementaitilizando bancosde dadosrelacionaiscom
modelagentorvencional,do quemanipulanddriplas RDF representandaspropriedadeslas
instanciasde classeslaontologia.

Finalmentep Cagtulo 6 concluiatese evidenciandasuascontrituicdese extenes.

O Anexo | inclui um conjuntode definigdese demonstrages,descrgendoformalmenteas
propriedadesundamentaislasontologiasde doninio e do modelode atividadespropostosa
abordagenPOESIA.

O Anexo Il apresenta arquiteturageral de sistemagparaPOESIA, e descrge como a
implementaéorealizadaparticularment® OntoCover, seinserenessaarquitetura.

Osoutrostrabalhogoublicadosduranteo doutoradcsao brevementedescritosa seguir.

1. TheDesignof DecisionSupportSystemsor EffectiveUseof Spatio-Empoal Data [85]
foi apresentadao EDBT Ph.D.Wbrkshopde 2000, e constituium esbqQo do projetode
tesenaqueleanomento.
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2. An XML-Centeed Warehouseto Manage Information of the Fruit SupplyChain [86],
publicadona World Confeenceon Computes in Agriculture and Natural Resouces
(WCCA)de2001,descrege umadatawarehouseobrea produ@odefrutasno Brasil.

3. Issueson Interopemrbility of Heteilogeneousand Geayraphical Data [82], publicadono
SimposioBrasileirode Geoinformatica(Geolnfo)de 2001,& umaresenhaobreintegra-
caodedadossobo enfoquede geoprocessamento.

4. Querying Multiple BioinformaticsInformation Souces: Can Semantic\\eb Reseath
Help?[34], cujo autorprincipal & David Bulttler, colega do Geogia Techdurantea es-
tadia naquelainstituicao, foi publicadona revista SIGMOD Recod 31(4) 2002. Esse
artigodiscuteaspotenciaiontribuicdesda Web senainticaa bioinformatica.

5. AplicandoOntologiasde ObjetosGearaficospara Facilitar a Navegacgdo emGIS[236)],
cujo autorprincipal € o alunode iniciacao cientfica Lauro R. Verancio,foi aceitopara
publica@o no Geolnfo 2003. Esseartigo descrege o OntoCartg uma ferramentaque
utiliza umaontologiade dominio parafacilitar a navega@o em mapase possibilitara
integra@ode objetosgeogaficosnaWeh O OntoCartaexecutasobrenavegadoredVeb,
e aderentaospadibesatuaisdaWeb senanticae utiliza ferramentasle dominio publico
(inclusive o OntoCarer) nasuaimplementaéo. A ontologiade doninio empreyadapara
navega@oemmapaglirigidaporconheciment@& aqueladeserolvidaparaapoiaraabor
dagemPOESIAnaareadeagricultura.



Chapter 2

A Surveyon Information Systems
Inter operabillity

2.1 Intr oduction

The traditional paradigmfor information systemsdevelopmentis basedon the cycle model-
ing-design-implementatiomndconsidersa singledatabaséramenork, with oneschemausing
onedatamodel. The adwentof heterogeneousystemsand, morerecently the Web, is chang-
ing this picture. Large amountsof dataare availablein distinct formatsand platforms. Data
repositoriesvariesfrom structureddatabasenanagemensystemsto unstructurediles. The
lack of agreemenbn datarepresentatiomnd semanticsacrossheterogeneousystemsnakes
theinteroperabilityproblemvery complex.

Web systemsare in permanentevolution, with new devices, new datasourcesand new
requirementsThe possibility of dynamicconnection@mongsystemsomponent®n the Web
addscompleity to thesituation. The demandor interoperabilityhasboostedhe development
of standardsaindtoolsto facilitate datatransformatiorandintegration. Neverthelessthereare
still mary challengeso be met,especiallythoseconcernedvith datasemanticandbehaior of
cooperatie systems.

This work surweys someresultsfrom the literaturerelatedwith interoperabilityand, more
specifically dataintegration. Our goalis the constructionof datawarehousegor materialized
views) integratingseveral kinds of datasourcesparticularlyfor scientificapplicationsn agri-
culture. Datawarehousesre a suitablestartingpoint for researchand experimentson data
integration. The maintenancef consolidatedlataat the warehouse&onfersgreaternversatility
to datarepresentatiomnd manipulation. The unidirectionalflow of datafrom the sourceso
the warehouseaswell asthe warehousaipdatepolicy which doesnot requireon-line access
to datasourcessimplifies dataprocessing.The problemcan be decomposednto two steps
() extractingdatafrom the sourcego feedthe warehouseand (ii) integratingthesemultiple
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sourcedatainto thewarehouseThe emphasi®f this work is on the secondstep. Thefocusis
onrepresentationalndsemantiassuesandthe fundamentatlataintegrationproblems.

Distinctdatasourcesnaybemaintainedndependentlyin fact,autonomousnanagemeruf
databasess frequentlya prerequisiteor informationsystems.However, valuableinformation
may be extractedwhen collectionsof dataobtainedfrom differentdatasourcesare analyzed
asawhole. The integratedanalysisof datafrom differentsourcedriggersa wide variety of
dataheterogeneitproblems.Furthermoregconnectiorof autonomouseterogeneousatabases
complicateslassicabdatabas@roblemssuchasconsisteng maintenancegoncurreng control,
transactionanddistributedqueryprocessingandoptimization.Our researchs notconcerned
with arny of theseproblems.Only consisteng maintenancés consideredn somedegree. The
coreof ourresearchs semantidataheterogeneityespeciallywhenscientificdataareinvolved.

Insteadof trying to coerceall datainto a singleunified view in onestep,we considerinte-
grationof smallcollectionsof data,in several pointsof distributedandcooperatie processes.
Integratedviews of selecteddatasets,materializedor not, definethe inputsof dataprocessing
actuities of distributed processes.The outputsof suchan actwity, regardedas a datasetor
service,canbe the input of anotherone. Thus,complex processe#volving dataintegration
canbebuilt by composingdatasetsandservicesn anopenenvironmentlik e the Weh

The remainderof this paperis organizedin the following way. Section2.2 presentdasic
conceptselatedwith informationsystemsnteroperability Section2.3analyzesnteroperability
in the context of databassystemsSection2.4focuseson datarepresentatiorgataheterogene-
ity conflicts,and dataintegration, establishinga framewvork to analyzerelatedproblemsand
proposedsolutions. Section2.5 presentghe mosttypical apparatugor dataintegration. Sec-
tion 2.6 describeghe the major standardsindtechnologief the semanticWeh Section2.7
outlinesthe Web servicestechnologyandhow it canbe usedto build cooperatre distributed
systems. Section2.8 refer to applicationsdemandingechnologyto supportinteroperability
particularlyin scientificrealms.Finally, Section2.9 presentshe conclusions.

2.2 Information Systemslnter operability

Interopembility is theability of two systemgo exchangenformation,andcorrectinterpretand
procesghis information[144, 118 105 9]. It requiressomedegreeof compatibility between
systemsto enabledataexchangeandcorrectinterpretationldeally, cooperatre systemshould
becompliantwith computationahndapplicationdomainstandardsHowever, thislevel of stan-
dardizatiormaybeimpossibleto attainin practice dueto therateof technologicabhangesthe
lack of universallyacceptedstandardsthe existenceof legag/ systemspr just for reasonsof
autonomyof eachinformationsystem.Thus,in mary casestheonly wayto reachinteroperabil-
ity is by publishingtheinterfaces schemasndformatsusedfor informationexchangemaking
their semanticasexplicit aspossible sothatthey canbe properlyhandledoy the cooperatre
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systems.

2.2.1 Viewpoints of Systemsinter operability

Hasselbring120] shaws that information systems’interoperabilitymust be consideredrom
threeviewpoints: applicationdomain,conceptuatiesignandsoftwaresystemsechnology Fig-
ure2.lillustratesthe structureof a setof informationsystemsandtheir interoperabilityin each
oneof theseviewpoints.

interoperability

View

Programmer’s
= "
Figure2.1: Theviewpointsof informationsystemsnteroperability

Theuser'sviewpointconcernghedistinctviews andspecialization®f domainexperts.The
designers viewpointrefersto requirementsnodelingandsystemsdesign. The programmers
viewpointrefersto the systemsmplementation.

Conflictsmayappeatin eachof thosethreeviewpoints. Onthe otherhand,interoperability
mustbe achievzedin all theseviewpoints,i.e., usersof a systemmustunderstandnformation
comingfrom anothersystemthe systemdesignmustaccommodatéhe “foreign” data,andthe
computerprogramsmustautomateanformationexchange(i.e., the datatransfersandtransfor
mations).The hardesproblemsof datainteroperabilityoccurat the applicationandconceptual
viewpoints[2].

Furthermore eachviewpoint hasthe instancelevel (solutions,projects,applicationpro-
grams) the meta-level (with approacheandmodelsusedto describethe characteristic®f the
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instances)and,maybe the meta-metdevel, wherethe modelsaredefined.Hence heterogene-
ity canalsobe consideredt successie levelsof abstraction.

2.2.2 Technologiesaddressinginter operability

Thegrowth of computemetworkshaspushedhedevelopmenbf systemsommunicatioriech-
nologiesbeyond protocolsfor messageassing. Several paradigmsrelatedwith distributed
heterogeneousystemsanteroperabilitycanbe singledout in the literature. Someof the most
prominentof theseparadigmsn the Interneteraaredescribedn thefollowing.

Distributedobjectss theparadignmonthecoreof technologiesike CORBA andDCOM [194].
Eachobjecthasan objectid, the codeto implementits behaior, anda statedetermined
by the value associatedvith a numberof internalvariables. An objectencapsulateg
internal stateand codeand providesan interfacebasedon methodsto externally access
and modify its state. Distributed objectscommunicatewith eachotherthroughremote
methodinvocation. CORBA (CommonObjectRequesBroker Architecture)[52, 194 is
the architectureof OMG (ObjectManagemenGroup)for distributedobjects. CORBA
objectscanbe arnywherein a network and are accessedby remoteclients, via method
invocations,without having to know where eachsener object resides,what operating
systemit executeson andhow the objectis implementedThelanguageandthecompiler
usedto createCORBA senerobjectsaretransparento clients.

Infopipes[207] are building blocksto implementstreamdataprocessing.An infopipe is a
languageandplatformindependenabstractiorfor a dataflow from a producerto a con-
sumer It includesdataprocessingbuffering andfiltering. Theinfopipe modelincludes
facilitiesfor managinguality of servicepropertieqe.g.,performanceavailability, secu-
rity), composingandrestructuringdataflows during execution. This modelhasinherent
parallelismandembracegontentsemanticanduserrequirementsallowing information
flow controlandresourceuseoptimization.

Peerto-Peer[179] referto a classof systemghatemploy resourcedlistributedacrossa net-
work to perform somefunction in a decentralizedashion. The resourcesencompass
processingoower, data, storagemeansand network bandwidth. The function can be
distributedcomputing,contentssharing,communicatioror collaboration.The key char
acteristicof a peerto-peersystemis that, in oppositionto the client-sener architecture,
eachpeercanprovide someserviceto otherpeersat the sametime thatit benefitsfrom
theservicegrovidedby otherpeersof its community Peefto-peersystemssuchasNap-
ster andKazaabecameyopularfor allowing peopleto shareaudioandvideofilesonthe
Weh
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Composite\eb Serviced234, 250] useWeb services- i.e., self-describingandindependent
software modulesaccessiblghroughthe Internet— asthe building blocksto construct
inter-institutionalcooperatre processesWeb servicecommunicatevia messagesysing
standardWeb protocols. Theseservicesencapsulat@utonomousystemscomponents
with Web-basednterfaces taking advantageof the ubiquity of the Webto provide wide
accesgo thosecomponentsThe fundamentaproblemsof this paradigmarethe discov-
ery of theservicesvailableontheWebto fulfill aparticulameed;andthecoordinatiorof
servicedn distributedprocesse$o achieve specificgoals. Web servicegechnologyhas
beendevelopedandappliedin areadik e electroniccommerceandfinance.Our research
combinesWeb servicesworkflows, andsemantidNeb technologyto solve problemsof
scientificapplicationgnvolving dataintegrationandcooperatre work onthe Weh

XML andJava arealsoexpectedto play animportantrole in the implementatiorof inter-
operabledistributedinformationsystems[45, 193: theformerasa syntacticstandardor data
representatioiiSection2.6.1),andthe latter asa portablelanguageallowing the transference
of sourcecodedobjects’behaior from oneplatformto another

2.3 DatabaseSystemdinter operability

Information systemsare characterizedy the flow consistingof “data input, processingand
output”. Theuncoordinatedreationof heterogeneoudesto storedataof autonomousystems
leadsto problemswhen differentapplicationshave to accesshareddata. Databasesystems
wereproposedo solve theseproblemsin centralizedernvironmentg152].

2.3.1 Centralized DatabaseSystems

DatabaseanddatabasenanagemergystemgDBMS) [72, 73, 5] areamongthe mostcommon
meansof managingdata.A centralizeddatabasesystemaccommodateall the dataof anorga-
nizationin auniqueinternalschema\Views[24, 243 92,225], or externalschemasaredistinct
logical databasémages,allowing (groupsof) usersto accessa centraldatabaseccordingto
their specificneeds A view is usuallybuilt by usinga databaseguerylanguagedo write aquery
defininganimageof alimited amountof data.

Database&iews areassignedo particularapplicationsaccordingo users’requirementand
privagy concerns. A view can be materializedor non-materialized. Materialized views are
copiesof datato supportdifferentdatabasémages.Non-materializeds/iews onthe otherhand,
are just abstractionsproducedby translatingrequestgo the abstractviews into requestgo
actualdatabaser lower level views.

The userof a databasdor view) mustknow the datamodel employed andthe (external)
schemain orderto accesshe databaselirectly throughthe DBMS. An alternatve approachs



2.3. Database&ystemdnteroperability 12

the constructionof applicationprogramsatopthe DBMS to help usersin their daily actwities.
The developmentof systemsintegrating differentdatabaseslemandsconsiderablecoordina-
tion of the teamsresponsibldor the distinct databasesjiews andapplicationprograms.This
coordinationis very difficulty to be achierzed, even whenthe integrationinvolvesonly a few
departmentsvithin the sameorganization.

2.3.2 HeterogeneoudatabaseSystems

HetelogeneousdatabasesystemgqHDBS) [72, 219, 152, 126, 5] are software packageghat
integratevariouspreeisting databassystemgDBSs)or HDBSscalledcomponentsThesame
componentcan participatein variousHDBSs. Componentsan be developedindependently
andwithout any concernaboutsubsequenntegration.

Shethand Larson[219] characterizeHDBSs using three orthogonalaxes: heterogeneity
distribution, andautonomy The hetegeneityof a HDBS dependsn the numberandsever-
ity of discrepanciesmongits constituentDBSs, with respectto their schemasgdatamodels,
guery languagestransactionmanagementapabilities,DBMS, hardware, operatingsystems
andcommunicatiorprotocols.Discrepanciesanappeaatary abstractiodevel (datainstances,
schemagdatamodel). The heterogeneitanbe reflectedin the datarepresentatiotr be just
a matterof interpretation. Distribution refersto the location of the HDBS’ components.In
principle, distribution is orthogonalto heterogeneityA distributedsystemcaninvolve differ-
enthardware, softwareand communicatiorplatforms. Autonomyrefersto the freedomof the
HDBS’ componentso defineandmanageheir databasesl he needfor maintainingautonomy
andthedemandor sharingdataareoftenconflictingrequirementsTheintegrationof different
databasesannotcompletelyblock the capacityof eachcomponentDBS to manageits data
without interferenceof the HDBS generalmanager5]. Autonomy canbe classifiedin four
cateyories[219, 5]:

1. Designautonomyrefersto the independencef eachcomponenDBS to designits data-
base.

2. Communicatiorautonomyrefersto the ability of a componentDBS to decidewhether
to communicatenith othercomponenDBSs. A componenDBS with communication
autonomyis ableto decidewhenandhow it responds$o arequesfrom anotheicomponent
DBS.

3. Executionautonomymeanghata componenDBS is independento executeoperations
(requestedbothlocally andexternally),with full controlof transactiorprocessing.

4. Associationautonomyassertghat componenDBSs canindependenthydecidewhatin-
formationthey wantto sharewith the HDBS, to which requestshey reply, whento start
andwhento finish their participationin the HDBS.
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2.3.3 Integrated Accessio Multiple Databases

Theapproacheso enableintegratedaccesdo multiple physicaldatabasesanberoughlyclas-
sifiedin two categories:schemantegration[18, 72] andthefederatedpproachl151, 219 157.

Theformerconsistan providing someunified schemahroughwhich the usersaccessheinte-
grateddata. Thelatter, on the otherhand,canjust supplysomemeansfor accessingexported
views of the heterogeneoudatabasedeaving muchof the dataintegrationonusto the users.
Figure2.2illustratesthedifferencedetweertheseapproachedn the distributedapproachon
theleft), the schemaof eachdistributeddatabases a view of the unified schema.ln the fed-
eratedapproachpn the otherhand,the export/importschema®f the federateddatabaseare
externally handled. The schemantegrationapproachmakesdataheterogeneityransparento

theuserswhile the federatedapproactconcedanoreautonomyto the componentiatabases.

| Application 1 | | Application 2 | Application M | Application 1 | | Application 2 | e Application M
Y 7y f F

____________ ) R N S FSN O e I P T R S
| Unified Schema | Lf?*l??_‘___i | Sohema2 | ... =___S:°_h_e£?%_N___i
:’"é;r;}"'{": :’"é'r;;"'z'": :'"s"h"";\l"': D < T
o emat | Sonemas ... | Scnemall . Federated Federated Federated
1 i i Database Database Database
Participating Participating Participating
Distributed Distributed e Distributed DBMS DBMS DBMS
Database Database Database N N A
DDBMS DDBMS DDBMS i Import/ Export Schema i

Figure2.2: Distributedandfederatedlatabaseystems

Thereareseveral optionsfor implementingHDBSs,with varying couplingdegreesamong
thecomponenDBSs,andoffering differenttrade-ofs betweerncooperatiorandautonomy El-
magarmidandPu[72] give anintroductionto suchsystemsclassifyingthemasfollows.

¢ Distributeddatabasesysten{DDBS)[72, 5, 73,197] consistof asinglelogical database
thatis physicallydistributed. Despitethe physicalfragmentatiorof data,a DDBS sup-
portsasingledatamodelandquerylanguagewith oneschemantegratingall its contents.

e Fedemteddatabasesystem(FDBS)[219] (alsocalled hetepgeneousiatabasesystem-
HDBS is adistributeddatabassystemallowing heterogeneousomponentsvith differ-
entdatamodels,guerylanguage®r schemas.

e Multidatabasesystem(MDBS)[151, 157 is a collectionof loosely coupleddatabases.
The key propertiesof a MDBS are the autonomyof the participantdatabaseand the
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absencef a globally integratedschemaMDBSs areemplojedwhenuserswantto pre-
sene their autonomyevento the point of refusingto participatein a globally integrated
schema.

All thesedatabaseystemsarchitecturesely on someintegratedor export/export schema.
However, they do not addresghe resolutionof dataheterogeneityconflictsto build suchan
schemaThey eitherconsiderthatthis problemhasbeensolvedor leaveit to theuser

2.3.4 WebDatabases

Web Databaseg60, 240, 106, 187, 36] make datastoredin local databaseaccessibléhrough
the Web, enablingapplicationslike on-line storesand digital libraries. The most common
interfacesfor queryingWeb databaseareforms andnavigation menuson Web browsers.The
gueryspecificatiorresultingfrom a userinteractionwith suchaninterfaceis encodedandsent
to a Web Sener, which submitsthe queryto the DBMS. The resultis corvertedinto HTML
formatto bereturnedvia the Internetandshovedin the browser Optionsfor implementinghe
interactionbetweerthe Web Sener andthe DBMS aredescribedn [143,71].

The challengeof the queryingWeb databasesesearchs the constructionof a unified and
simpleinterface. The mostcommonapproacho solve this problemis the generatiorof wrap-
persandmediatorgo integratedatafrom Web pagesprovided by Web databasef240, 36, 35,
158. Thesesolutionstendto be comple, inefficientandunsuitablein mary casesgdueto the
dynamicsof the sourcesnterfaceand availability. Othersolutionsavailablein the literature
include[187, 106 60]. Neiling etal. [187] presentautomatedneansto recover andintegrate
the contentsof relatedWeb databaseée.g.,movie databases)Gravanoetal. [106] describea
systemto organizeWeb databasef hierarchiesof classesaccordingtheir contents.Silva et
al. [60] usekeywordsspecifiedby the userto derive structuredqueriesto be submittedto one
or moreDBMSs.

2.4 Data Integration

Hetelogeneoudlata arethosedatapresentingdifferencesn their representatiomr interpreta-
tion, althoughreferringto thesamereality [151]. Data heteogeneityconflictsaretheincompat-
ibilities thatmayoccuramongdistinctdatasets.Theinteroperabilityproblemconsideredhn this
sectionis dataintegration[69, 200, i.e.,providing asingleview for asetof heterogeneousata,
with unified syntax,structureand semantics.Data integration involvesthe resolutionof het-
erogeneityconflictsandtransformation®f sourcedatato accommodat¢hemin theintegrated
view.
In orderto make dataintegrationpossiblejt is necessaryatfirst, to catgyorizethe kinds of

datato beintegratedandtheheterogeneitgonflicts. Then,conflictscanbesolvedin asequence
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determinedy their categyories. Therestof this sectiondiscusseshe proposalsvailablein the
literatureanddefinesa framework to analyzeandhandledataintegrationproblems.

2.4.1 Data Structuring
Structured Data

Corventionaldatabasesystemdgake advantageof ratherstrict datastructuring,expressedvia
a databaseschemausing a datamodel, to provide datamanagementacilities, with efficient
dataaccessandconsisteng maintenanceThatis the caseof the classicalrelationaldatabase
managemergystemsandeventhe object-orientedystems.

Data structuringpresentsvirtues and dravbackswith respectto dataintegration. On the
one hand, structuregrantsuniformity for dataprocessingand helpsmaintainingconsisteny.
On the otherhand,an structuredntegratedview from two or more heterogeneoudatasetsis
sometimewery difficult to obtain.

Semanticdatamodels[18], suchas the entity-relationshipdatamodel, allow datato be
describedn an abstractandintelligible manney at the conceptualevel. Thus,thesemodels
canfacilitate dataintegration. However, semanticdatamodelsare not versatileenoughand
informationcanbelost on corvertingdataamongheterogeneousatabasschemasisingthese
datamodels.Theautomatiorof the datacorversionprocesss alsodifficult, becaus®f thegap
betweerntheimplementatiorandthe conceptualiiewpoints.

Semi-structured Data

Semi-structueddata[2, 1, 32, 117, 199]arethosedatawhosestructures irregularandpartially
known. In orderto allow theidentificationof the dataelementsn theirregular structure semi-
structureddatahaveto beself-describingThus,thedataandbasicdescription®f their structure
andmeaning(metadatapreassembledogether Differentlyfrom structureddata,wherestruc-
ture (type andschemajpredefinedprior to the creationof datainstancessemi-structuredata
instancesanbe createdatthe sametime their structureis defined.

Semi-structuredgchemasand datamodelsare usually formalizedas graphs,whosenodes
representlataelementsandwhoseedgegepresenhestingandreferenceelationshipdetween
dataelementq2, 199. This datastructuringis suitablefor dataintegrationandWeb systems.
Currentresearchn databasemcludeshow to model,query restructurestoreandmanageemi-
structureddata[2, 66, 1]. Otherresearcithemesinclude extractingsomestructurefrom data
in formatssuchasthoseprevalentin the Web([2, 89, 36, 35,158 189, text document$4] and
spreadshee{d45], in orderto integratethesedata.
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2.4.2 Characterizing Data Heterogeneity

Themostwidespreadvay to characterize&lataheterogeneitys to separateepresentatiofrom
interpretatiorconcerng219]. Repesentationatonflictsreferto syntacticor structuraldiscrep-
anciesin the portrayalof heterogeneoudata. Semantiaconflictsrefer to disagreemenabout
themeaningjnterpretatioror intendeduseof the sameor relateddata.

The solution of representationatonflicts usually requiresthe analysisof their semantic
counterpartj.e., establishingcorrespondenceerfector not) betweenthe meaningsof data
itemsfrom heterogeneousources.Semantianatchesare often achiezed only for specificdo-
mains.

Bothrepresentationandsemanticonflictsmayoccurin ary level of abstractioninstance,
schemagdatamodel. Thusdataheterogeneityonflicts canalsobe classifiedaccordingto the
following categories[118,178,137, 134:

e Dataconflictsarediscrepancies therepresentationr interpretatiorof instantiatedlata
valueswhich candiffer in their measuremeninit, precisionandspelling.

o Scdemaconflictsaredifferencesn schemaslueto alternatvesto depictthe samereality,
suchasusingdistinctnamesfor the sameentitiesor modelingattributesasentitiesand
vice-versa.

e Dataversusschemaconflictsaredisagreementaboutwhatis dataandmetadatag.g.,a
datavalueunderoneschemacanbethelabelof anentity or attributein anotherschema.

e Datamodelconflictsresultfrom the useof differentdatamodels.

2.4.3 Solving Syntactic and Structural Conflicts

Theearliersolutionsfor representationdieterogeneity144, 178,142] arerestrictedto there-
lationaldatamodel. They extendSQL to allow the conversionof tableandattribute labelsinto
datavaluesandvice-versa.Otherworks explore languagesvith logical foundationsaggrea-
tion andrestructuringcapabilitieg99, 100.

Proposalgor integratingsemi-structuredndotherdiversedatasourcesresuneyedin [210,
89]. Severalproposalxoncerntheestablishmentf a standaragyntaxanddatamodel. Someof
themarecenteredn objectmodelg118, 209, while othersusesemi-structuredatato represent
heterogeneoudataat a moreabstractevel [47, 48, 199,117]. Theuseof semi-structurediata
confersversatility to datarepresentationenablingdatatransformationsand mappingsamong
irregular structures. On the other hand, as datamodeling constructsfrom typical datamod-
els often carry semanticsjnformation canbe lost on corverting datafrom sucha datamodel
into semi-structurediata. Theinformationlossproblemcanbe handledby maintainingproper
metadatassociatedvith thetransformedsemi-structuredata.



2.4. Datalntegration 17

2.4.4 ReconcilingSemantics

Thesolutionof semanticconflictsrelieson the standardizatioof the meaningof the concepts,
terminology and structuringconstructdoundin sourcedata[218, 195. It involvesmetadata
enrichmento supportthe investigationof semanticnatchingamongdataitemsfrom distinct
datasets.

The first stepis to semanticallydescribedata, by associatingconsensuatiescriptionsto
publishedandexchangeddata[134]. At this stage,the establishmenof an accordis usually
possibleonly for smallcommunitied105]. Commonsemanticeanbe expandedo wider com-
munities,asinformationis betterunderstoocandappropriatdevels of abstractioraredevised
to make possibledataexchangewith minimallossof meaning.

2.4.5 The Data Integration Steps

Dataintegrationcanberegardedasa sequencef stepsjnvolving transformationgndinvesti-
gationof correspondencemmongdataelementsjn orderto producea unified view of hetero-
geneoudlata. Figure 2.3, adaptedrom [200], illustratesthe informationflow alongthe data

integrationsteps.
Integration
Specification

A
—
. Integration
In
tegration Rules
A
—_—
Correspondence . Similarity
Assertions Correspondence Investigation Rules

>
Transformation
Rules

Transformation
Specification

(;) 3
— Data Model Conversion

S

Heterogeneous Data Sources

Figure2.3: Thedataintegrationsteps

Heterogeneoudataarefirst corvertedto a homogeneouformat(e.g. XML), usingtrans-
formationrulesthatexplain how to transformdatafrom the sourcedatamodelto thetargetdata
model. The translateddataand schemasre semanticallypoor for integrationpurposes.Thus
they mustbeenrichedwith semantianformation(e.g.,measurementnits,meaningof theterms
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appearingn tagsanddatavalues).Then,thecorrespondencdsetweerelementgrom heteroge-
neoussourcesareinvestigatedusingthe semantiaescriptionsandsimilarity rules,to produce
a collectionof correspondencassertions Finally, the correspondencassertionandintegra-
tion rulesareusedto producean integrationspecificationwhich describesiow dataelements
from heterogeneousourcesnustbe transformedandmixedto producea unified view.

Eventhoughdataintegrationultimately requireshumanintervention,it is crucialto auto-
mateor at leastassistsomelaborioustasks,in orderto make dataintegrationpracticable.The
goal of automatedacilities is to make dataintegrationeasierandrepeatablewhile allowing
usergo make decisionsalongtheintegrationprocess.

2.5 Building Blocks to Integrate Data in Cooperative Sys-
tems

Thissectiondescribesomecateyoriesof softwareapparatushathave beenproposedo support
integrateddataviews. Suchapparatusllow the interconnectiorof heterogeneoudatareposi-
tories,programsmaterializecandnon-materializediews, in suchaway thatthe outputof one
softwaremodulecansupplytheinputto anothemodule.

2.5.1 Gateways

| Application |'—

A rsequest
DB “X” Manager V DB “Y” Manager
reply
3
DB “X” DB “Y”

request

Figure2.4: A databasgatevay

A Gatewvayis a softwarecomponenthatallows a DBMS and/oranapplicationprogramdi-
rectly connectedo this DBMS to accesdatamaintainedby anotherDBMS, usingthe data
model and data manipulationlanguageof the former. It is necessaryto develop one spe-
cific gatevay for eachDBMS pair. Gatevaysdo not provide transpareng for heterogeneous
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databaseschemaandinstances.Hence,gatevaysdo not offer supportto establisha unifying
view of heterogeneousata.Figure2.4 presents gateavay providing access$o databas&Y” for
anapplicationprogramandits directly connectediatabaséx”.

2.5.2 Wrappers and Mediators

Wrappess and mediatos [244, 97] provide datamanipulationservicesover a reconciledview
of heterogeneoudata. Wrappersencapsulatéetailsof eachdatasource allowing dataaccess
undera homogeneouslatarepresentatiomnd manipulationstyle (commondatamodel and,
sometimesstandardizedchema)Mediatorsoffer anintegratedview of the datasetsof several
datasourceghatcanincludewrappersandothermediators Somesystemsadoptmultiple levels

of mediatorsin orderto modularizethe datatransformationand integrationalong successie
levelsof abstraction.

integrated schema :
Integration
Specification
Sendaddatamodel | i N e
Transformation
Specification
heterogeneous data

Figure2.5: Wrappersaandmediators

Figure2.5shonvstwo wrappersandonemediatorproviding integratedaccesgo two differ-
entdatasources.The mediatorbrokersthe requestgrom the applicationsinto requestgo the
wrappersof the particularsourcesnvolvedin the request.On receving the repliesfrom the
sourcewrappersthe mediatorcomposeshe resultsto returnanintegratedresultto the appli-
cation. Datatransformatiorand mappingspecificationgdrive the functioning of wrappersand
mediators Wrappergeneratoranddatamappingspecificationanguage$97] enablethe spec-
ification of dataintegrationin amoreintelligible mannetthanusingcorventionalprogramming
languageso hardcodewrappersandmediators.
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2.5.3 Data Warehouses

A datawarehous€205, 127, 163 46, 159 is a separatedlatabaseuilt specificallyfor de-
cision support. It providesthe basisfor analysisof large amountsof data, collectedfrom a
varietyof possiblyheterogeneoudatasourcesA datawarehouseeplicatesandintegratesdata
from sourcesuchasrelationaldatabasemaintainedoy on-linetransactiorprocessingystems
(OLTP), spreadshee@ndtextual data. Thesesourcedypically runin the operationalevel of
organizationswhile datawarehouseareintendedfor the strategic level.

Datawarehousings the actvity of collecting, transformingand integratingdatafor con-
solidatedanalysis.This canbe performedoff-line with periodicalupdatesperhapsovernight.
The separatiorbetweerthe datawarehousendthe datasourcegreventsthe warehousdrom
interferingin the functioningof the systemsat the operationalevel andconfersflexibility for
dataorganizationand processingn the warehouse.Datafrom the sourcess first processed
beforebeingstoredatthewarehouse.

Therearespecificmethodsfor modelingandorganizingdatain a warehouse- e.g. multi-
dimensional star andsnonflake style schemag125] — andalsofor dataprocessinganduser
interaction-e.g.,on-lineanalyticalprocessindOLAP) [98, 107, 46,119,64]. Figure2.6showns
theloadingof datafrom the sourcesnto a warehousendtheir usefor dataanalysispurposes.

Data Analysis Data Analysis Data Analysis
Tool 1 Tool 2 EE) Tool M
e el ittt
: Datamart 1 ! 1 Datamart N !

! Data Warehouse Schema i

Materialized

Database

Data Warehouse

e
W Source 2 e Source K

Figure2.6: A datawarehouse

2.5.4 The View Approach

Wrappersand mediatorssupportnon-materializedi.e., abstract)integratedviews for hetero-
geneouglata,while datawarehousegprovide materializedviews (i.e., concretesetsof copied,
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transformedandintegrateddata). In datawarehousesthe unidirectionaldataflow, from the
datasourcego the warehouseepositorysimplifiesthe view updateproblem[113, 208 261].
The datawarehousecannotbe updatedoy endusers. Updatesdoneto the sourceshave to be
periodicallyloadedin thewarehouséo reflectthemin the unifiedview. Figure2.7 illustratesa
generalview-baseddataintegrationsystem.In this case updategposedon the exportingviews
are difficulty to be performedin the lower levels, especiallythe original datasources. The
transformationgsppliedfor dataanalysispurposege.g.,dataaggreation)canleadto comple
problemsof datalineageandview updating[55, 56].

Application 1 Application 2 Application M

1 1
e o o | 1
Source 2 @

Figure2.7: Theview approach

Many of the techniquesdevelopedfor views in heterogeneoudatabasesystemscan be
employed for the constructionof wrappers,mediatorsand datawarehouses.Unfortunately
integrating highly heterogeneoudataand exporting themto specificdataanalysistools are
harderproblems. They demanddatatransformationrand managementacilities beyond those
providedby thecurrentDBMSs. Views storedin warehousealsoinvolve historicalinformation
thatmaynotremainin theoriginal sourcesNeverthelessseveralworkstake theview approach
for theintegrationof heterogeneoudata[18, 112,231] anddatawarehousegL59].

2.6 The SemanticWeb

The semantic\eb [215, 80, 63, 260, 68, 22] is an emeging researchareawhosegoal is to
achieve informationsystemsnteroperabilityandenablea variety of sophisticate@pplications,
by taking advantageof semanticdescriptionsof Web resourcegdataand services). It is an
infrastructureon which differentapplicationscanbe developed[76]. It intendsto enrichthe
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currentWebwith formalizedknowledgeanddata thatdifferenthumanbeingsand/orcomputers
canexchangeandprocess.

The key requirementfor the semanticWeb is interoperability Data and metadatamust
comply to consensualormatsand conceptualizationsn orderto enabletheir exchangeand
properprocessing.Therefore,standarddor expressingdataand metadataare crucial for the
semantioMeh Figure2.8,adaptedrom [140Q)], illustratesthe semantidMeblayersof standards
andtechnologies.

Trust
ol Proof
82| Logic
o c ;
a _9| Ontology |
?l  RDF + RDFS |
XML + Schema |

| Character Encoding + URI |

Figure2.8: Layersof semantidVeb standardsndtechnologies

Thelowestlayer, characterencoding+ URI, providesaninternationalstandardor coding
charactersets(Unicode)and a meansto uniquely identifying resourcesn the semanticWeb
(the URI specification[232]). The XML [256] layer, which includesnamespacefl85] and
schemadefinitions[256, 257], constitutesa standardsyntax,with an underlyingdatamodel,
to expressinterchangeablelataand schemas.In the RDF + RDFSlayer, RDF [147] allows
statementsassociatingesourcewith their properties. RDFS(RDF Schema)29] enablethe
definition of vocalulariesthat can be referredto by the URIs in which they are published.
Thesevocahulariescanbe usedto associataypesto resourcesand properties. The Ontology
layerenrichessocalulariesandsupportgheir evolution, by extendingtherepertoryof concepts
andsemantigelationship@mongthem. Severallanguage$or describingontologiesn theWeb
have beenproposedo fulfill the needof thislayer[80, 101, 109,165, 196, 61,191].

The top layers: Logic, Proof and Trust are still underdevelopment. The Logic layer ex-
presseknowledgeby rules, while the Proof layer usestheserulesto infer otherknowledge.
The Trust layer providesmechanismgo determinethe degreeof truston inferredknowledge.
Digital Signatue permeatesereral layersto ensuresecurity by usingmeandike encryption
anddigital signatures.

Theremaindeof this sectiondescribeshe XML, RDF andontologylayersof the semantic
Webin moredetail,analyzingthe major standardseindtechnologieandhow they interrelate.
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2.6.1 XML

XML (eXtensibleMarkup Language)256, 2] is a syntaxstandardwith a graph-basedlata
model, to represenaand exchangesemi-structurediata. XML derivesfrom the ISO standard
SGML (StandardGeneralizedMarkup Language)128]. Theselanguagesreknow asmeta-
markuplanguagesecausehey allow thedefinitionof specificmarkuplanguagesLike HTML,
XML employs tagsandattributesof tagsto structuredata. However, the structureandtagsof
an XML documentareuserdefined.In XML, tagsandstructureareintendedto describedata
meaningnotdatapresentatiomsin HTML. Webseners,browvsersandcertainapplicationsare
ableto processXML-encodeddata.

Figure 2.9 presentsa fragmentof a XML documentcontainingclimate data, specifically
waterbalancedata(measurementsf climatedata,soil moistureandevaporationof this mois-
ture). Thesedatarefer to a particularpoint in the earthsurface,denotedby its geographic
coordinatesandthe nameof the city wherethatpointis located. The major dataelementcon-
tainedin this XML document\WaterBal , expresseshe geographigositionby meansof the
XML attributeslocation , latitude andlongitude , attachedo its openingtag. This
dataelementincludesseveral climate measuregor eachmonth. Eachmeasures represented
by anatomicdataelement.The valueof eachmeasureappeardetweerthe elements opening
and closingtags. For example,the value of the averagetemperaturen Januaryis enclosed
by thetags<Temperature> and</Temperature> . This atomicdataelementis nested
in the compositeelementcongreatingall the measuregor Januarydelimitedby the <Jan>
and</Jan> tags. The default namespacassociatedvith this XML documentpointsto the
descriptionof its schemdpresentedn Figure2.10),via a http address.

<?xml version="1.0"7?>
<WaterBal xmlIns="http:// www.agric.gov.br/ WaterBalBrotas.xm|"

location="Brotas" latitude=-22.1500 longitude=-47.5800>
< Jan>

<Temperature> 22.0 </ Temperature>

<AvgRainFall> 201.3 </ AvgRainFall>

<PotET> 115.4 </ PotET>

<RealET> 115.4 </ RealET>

<Stored> 125.0 </ Stored>

<WaterDeficit> 0.0 </ WaterDeficit>

<WaterExcess> 86.0 </ WaterExcess>

</ Jan>

</ WaterBal>

Figure2.9: An XML documenfor climatedata(waterbalance)

The emegenceof XML posesmary challengego academiaand industry [67, 44, 242,
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150. Leadingsoftwarevendorsare moving toward adoptingXML, eitherasaninternaldata
representatiomodelfor their softwareor just for dataexchangeamongdifferentapplications
and platforms. The publicationof datain XML formatcanmake the Web a hugeXML data
sourcefor all sortsof information.

Therearemary technologiedeingdevelopedto explore the potentialof XML (e.g.,XML
guerylanguageg2, 258 25]). The useof XML asa datarepresentatiostandardcan bring
mary benefitsfor dataintegration[2, 150. FurthermoresinceXML is a semi-structuredata
model,it canlendversatilityandopenness$o datarepresentatioandintegration.

However, XML alonedoesnot solve all the dataheterogeneityconflicts. XML datasets
from independensourcescan presentschemaand semanticconflicts, even if thesesources
provide dataaboutthe samedomainfor the sameapplication.The resolutionof theseconflicts
requiresconsensuasemanticgo be associatedvith XML contentsandtags. This cannotbe
donein onestep. Interoperabilityrequiresmultiple agreement®n XML datamodelingand
terminology

Common Schemasand Metadata Standards

DTD and XML Sdemaare schemdanguagedor XML [148]. Schemaspecificationcanbe
storedwith XML data,or in a separatalocumentthat canbe referencedo by several XML
documentsDTD (DocumentType Description)[256€] is partof the XML specificatioritself. It
defineghestructureof XML documentsisingalist of elementdeclarationsThesedeclarations,
in the style of regularexpressionsgdefinethetypesof atomicXML componentandthe nested
structureof compositeelements.

XML Shema[257] offersan XML-basedsyntaxto describethe structureandconstraining
the contentsof XML documents. XML Schemareconstructsaand extendsDTD capabilities.
Figure2.10presentan XML Schemadescriptionfor the climate datadocumentpresentedn
Figure2.10. Thefirst line of this descriptiondeclareshe namespacéor the XML Schema
vocalulary. The secondone statesthat a documentconformingto this schemamusthave an
elementcalledWaterBal (the string usedin its tags)of thetype WaterBalType . An ele-
mentof type WaterBalType includestwelve nestecelementof thetype AggregValues
to hold the climatemeasurement®r eachmonthof theyear WaterBalType alsoincludes
attributesto specifythe geographidocationto which the climatedatarefer.

Note that the schemadescriptionis not enoughto ensurethe correctinterpretationof the
XML dataandsupportdataintegration. Much semantianformationis missing. For example,
thereis no indicationof the measuremeninits andthe geographiccoordinatesystemusedin
the XML and XML Schemaragmentsof climate data. In addition, the meaningof the data
elementss not clearly specifiedby theirtags.For example,Temperature probablyrefersto
theaveragetemperaturén the month,while AvgRainfall refersto theaverageaccumulated
rainfall duringthe particularmonth(theseaveragesarederivedfrom temporalseriesof weather
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<xsd:schema xmlns:xsd="http://www.w3.0org/ 2001/ XMLSchema">
<xsd:element name="WaterBal" type="WaterBalType"/ >
<xsd:complexType name="WaterBalType">
</ xsd:sequence>
<xsd:element name="Jan" type="AggregValues"/ >

<xsd:element name="Dec" type="AggregValues"/ >
</ xsd:sequence>
<xsd:attribute name="location" type="xsd:string"/ >
<xsd:attribute name="latitude" type="xsd:Latitude"/ >
<xsd:attribute name="longitude" type="xsd:Longitude"/ >
</ xsd:complexType>
<xsd:complexType name="AggregValues">
<xsd:sequence>
<xsd:element name="Temperature" type="decimal"/ >
<xsd:element name="AvgRainfall" type="decimal"/ >
<xsd:element name="PotET" type="decimal"/ >
<xsd:element name="RealET" type="decimal"/ >
<xsd:element name="Stored" type="decimal"/ >
<xsd:element name="WaterDeficit" type="decimal"/ >
<xsd:element name="WaterExcess" type="decimal"/ >
</ xsd:sequence>
</ xsd:complexType>
</ xsd:schema>

Figure2.10: An XML schemdor climatedata(climatedata)

data). Themeaningof certainattributeslike POtET andRealET (potentialevapotranspiration
andrealevapotranspiratiorrespectrely) areevenharderto infer, andrequireexpertknowledge
to befully understood.

This exampleillustratesthe needto associateconsensuasemanticsvith XML dataand
their markup.Theuseof standarcsschemasndmetadatastandardswith well documentednd
widely agreedneaning candecreas¢his problem.GeneraimetadatastandardsuchasDublin
Core[65] definevocalulariesandthe precisemeaningof termsfor generaluse while metadata
standardeindstandardschemaslevelopedfor specificfields helpto establisrsomeconsensus
insidethesedfields[237]. However, thesestandardandformatsarenotenoughbecause(i) they
hindertheautonomyof informationsystems(ii) they do notcontemplateheevolution of these
systems(iii) they donotcoverall typesof data,and(iv) they areunsuitableo provide different
views of the samedata.

2.6.2 RDF

RDF [147, 80] is the major format for machine-processablaetadatan the semanticWeh
RDF is basedon knowledgerepresentatiofiormalismssuchas frames[180] and description
logics [15]. The basicconstructof the RDF modelis the statement- a triple of the form
subject-pedicate-objectwheresubjectrefersto a resourcgarnything thatcanbe denotedby a
URI), predicateis apropertyof thatresourceandobjectis thevalueof thatproperty Theobject
canbealiteral (e.g.,astring) or anotheresource An RDF statementleclaresa propertyof a
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resourceandcanalsoberegardedasaresouce-pioperty-valudriple, whereresouceis usedas
a synorym for subject propertyfor predicateandvaluefor object Thus,onecanstipulatean
RDF triple (http://www.Embrapa.QrPART_OF, http://www.Brazil.gov.br) to indicatethat the
organizationwhosehomepageis accessiblédy the URI http://www.Embrapa.brs partof the
Braziliangovernment.

RDFS(RDF Sthhema)extendsRDF with classesf resourcesyalues,and properties. An
RDFS specificationdefinesa structureof classespropertiesand subclasse$or a particular
domainor application,similar to anobject-orienteatlassdiagram.

Figure 2.11, adaptedfrom [133], illustratesthe useof RDF and RDFSto describeWeb
resourcesTwo differentRDF schemaspnthetop of thefigure,describaesources$or gathering
weatheidata(e.g. weatherstations). TheRDF schemantheleft describesheseresourcesrom
the point of view of scientistswho areinterestedn analyzingweatherdata. Thesescientists
connectheirapplicationgo datacollectingdevicesavailableontheWeb(e.g.via Webservices)
to obtainsuchdata. Their applicationsare concernedvith the geographidocationof the data
collecting devices and how differentland parcels(e.g., states,counties)are interrelated. A
compaly responsibldor the maintenancef the datacollectingdevices,on the otherhand,has
adifferentview of the sameresourcesFor sucha compaty, eachdevice is anequipmentwith
catgory andmodel. Eachequipmenis associatedvith oneclient.

Eachresourcan the unified RDF specificationon the bottomof Figure2.11is aninstance
of someclass(i.e., anotherresourcedescribingits type) of one or both RDF schema®n the
top. For examplethe weatherstation&ws1 is aninstanceof WeatherStation in the RDF
schemantheleft andof Equipment intheRDFschemantheright. &ws1 is ashorthandor
theURI http://www.embrapa.br/Weathe rSta tionX .Statementgvolvingresource
instancesnust matchstatementslefinedat the RDFSlevel. For example,&ws1 belongsto
&Embrapa andis locatedin &Rio, a county of &RJ State. The URIs of land parcelsand
clientsareomittedfor simplicity.

In additionto their usein providing differentviews of the sameresourcesRDF/RDFSalso
helpto defineunified views of heterogeneousesources For example,the weatherstationsof
Figure 2.11, having differenttechnicalcharacteristicand belongingto differentinstitutions,
canbe originally describecandhandledin differentways. Furthermoretheir positionscanbe
definedin distinctsystem=f geographicoordinatesandthe arrangemenof land parcelscan
differ acrosdnstitutions(e.g.,watersupplycompanieslivide landin hydrologicalbasins).The
dataprovidedby differentweatherstationscanalsodiffer in their structuringandrepresentation
(e.g.,measuremeninits). Several layersof RDF/RDFSdescriptiongprovide the solutionfor
theseconflicts.

The RDF/RDFSstandardplay thefollowing fundamentatolesin the semantidNVeb:

e denoterelationshipsnvolving resourcesndresourcelescriptions;
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www.FiletoEquip.com.br/schema2.rdfs

| String | | String |

| String | | String |

RDF Schema

RDF

&ws1 = http://Awww.embrapa.br/WeatherStationX
&ws?2 = hitp/mwww.iac.br/WeatherStatonkK e > subClassOf (isA)
&ws3 = http/www.unicamp.br/WheaterStatonrA ~_____ > typeOf (instance)
&ws4 = httpz//www.unicamp.br/WheaterStationB

&eq1 = http://www.embrapa.br/CameraZ > other kind of property

Figure2.11: RDF descriptionof resourcesor collectingscientificdata

e providedistinctviews of thesameresourcedailoredfor differentdomainor applications;
e build unifiedviews for collectionsof heterogeneoussources;

e describeknowledgein termsof vocalulariesof conceptsandthe semanticrelationships
amongtheseconcepts.

The XML/RDF Mismatch

RDF/RDFScanbe expressedisingXML syntax.However, mary XML handlingfacilitiesare
not appropriatefor handlingRDF. XML and RDF/RDFSare both basedon directedgraphs,
but have differentmodels. The RDF/RDFSmodelis a directedgraphin which labelednodes
representesource®r literalsandlabeleddirectededgesepresenpropertiedinking resources
to the valuesof their properties.The edgesof the RDF graph-basednodelareunorderedand
theirlabelsdefinepropertiesThe XML semi-structuredlatamodel,ontheotherhand,is more
hierarchical . Thelabelednodesof the XML modelrepresentataelementor attributes,andits
directededgegepresenhestingandreferenceelationshipbetweerdataelementsin the XML
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modeledgesareunlabeledandthe outgoingedgesof anodehave atotal order Patel-Schneider
andSiméon[202, 20]] pointout problemsresultingfrom this mismatchbetweerthe XML and
RDF/RDFSmodels.They proposea semantidoundationfor the Web, basedon modeltheory
to reconcileXML andRDF informationsources.

Handling RDF/RDFS

XML querylanguagessuchas XQuery [258, 2], are not suitablefor RDF, dueto the mod-
els’ mismatch. Thus, severallanguagesndtools have beendevelopedspecificallyfor query-
ing RDF metadata.Jena[132, 248] is a populartoolkit for handlingRDF triples. It allows
navigationin RDF triplesthroughan applicationprograminterface(API) or the RDQL query
languageanimplementatiorof SquishQL[177]. Neverthelessproceduralanguagegor han-
dling RDF triples andtheir componentsre cumbersomeFor mary applicationsatemplate-
baseddeclaratve languagenvould be moreappropriate RQL (RDF QueryLanguage]133] is
adeclaratve languagdor queryingRDF accordingto its graphmodel. RQL adaptgunctional-
ity of querylanguagegor semi-structure@ndXML data[2], to provide functionalconstructs,
in the style of OQL [40], for uniformly queryingRDF/RDFS.Sesamd30] is a senerbased
architecturdor storingandqueryinglarge quantitiesof metadatan RDF/RDFS,with support
for RQL andconcurreng control. Most of the currentfacilitiesfor handlinglarge RDF repos-
itories, including Jenaand Sesamerely on relationalor object-orientedlatabasenanagement
systemgo provide persistencandscalability[132, 248 74, 162,133, 30]

2.6.3 Ontologies

Ontolagies[233, 109,110 172] are sharedconceptualizationsf knowledgeaboutdelimited
domains.An ontologyorganizesdefinitionsandinterrelationshipsnvolving a setof concepts
(e.g.,entities, attributes, processes)lt capturegshe meaningof classesandinstancesfrom a
universeof discourse py arrangingthe symbols(e.g., words, expressionssigns)referringto
them,accordingto semantiaelationshipg247].

An ontologyentailsor embodiesa particularviewpoint of a givendomain. This viewpoint
mustbe sharedby a groupof individuals,formedaccordingto factorslik e geographigroxim-
ity, cultural backgroundprofession,nterestsor involvementin particularenterprises.These
peopleestablishagreementsvith respecto their views of the world andthe symbolsusedto
communicateheir views. Ontologiescanbe explicit or implicit, formal or informal. However,
they mustbe explicit andformal, to berepresentedndprocessedby computers.

Thereis no conventionwith respectto the form of a machine-processablentology A
simpletypehierarchy specifyingclassesandtheir subsumptionelationshipslik e ataxonomy
is anontology Evenarelationalschemacansene asanontology by specifyingthe possible
relationshipsandintegrity constraintsn a database.
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Ontologiesconstitutea meangto structureknowledgeto supportinformationretrieval and
interoperability[109]. The sharedknowledgecarriedin ontologiesenableprecisestipulation
andresolutionof querieq111, 216,121, 13, 7, 184,134 andinformationbrokering[135,173
in openernvironments. Ontologiesalso help dataintegration, particularly the investigationof
correspondencdsetweerelementf heterogeneoudatasourceq13, 171, 21, 172]. Related
researclproposeshe developmentof informationsystemscomponentsy translatingontolo-
giesinto object-orientedhierarchiedo implementthesesystemsgiving rise to the conceptof
Ontology-DriveninformationSystemg110, 90].

Thefollowing paragraphslescribethe currently proposedneansto describe developand
managentologiesn thesemantioMeh Section2.7 and2.8includemorespecificdiscussions
of theuseof ontologiesn semantidMebapplications.

Ontology SpecificationLanguages

Severallanguageandformalismshave beenproposedo expressknowledgein ontologieg101,
109. DAML+OIL andOWL aresomeof themostprominentontologylanguage$or theseman-
tic Weh They extendthe RDF/RDFSvocalulary andenrichexpressvenesdgor delineatingon-
tologies(e.qg.,to expressdisjunctionof classesandotherconstraints) DAML+OIL [165] com-
binesthe basicconstructsandsyntaxof DAML-ONT (DARPA AgentMarkup Language]61,
80] with OIL’s (Ontology InferencelLayer) [191] frame-basednodelingprimitives[180] and
formal semanticandreasoningervicespasedn descriptionlogics[15].

OWL (WebOntologyLanguage]196] is a W3C candidatestandardecommendationit is
intendedo describeclasseandrelationsthatareinherentin Web documentandapplications.
OWL carriesinfluencesof DAML+OIL, amongotherlanguagesand formalisms. Like OIL,
OWL comesn threedifferentflavors,with increasingexpressvenesandcompleity.

Descriptionsof other ontology languagesappearin [80, 101, 201]. The relationshipand
integrationof XML with ontologyrepresentatiofanguagesndformalismsis addresseah [13,
7,202,201, 6, 139.

OntologiesDevelopmentand Management

The developmentof ontologiesis a laboriousand error pronetask, especiallyif it is doneby
hand. Ontologyengineeringools[190, 227,103 canautomatepartsof this taskandhidethe
idiosyncrasie®f the ontology specificationanguagesndformalisms. Thesetools can offer
graphicalinterfaces facilities for knowledgeacquisition(e.g.,legacg/ datasetconversionand
incorporationn theontology),remoteaccess$o knowledgerepositorieandmeango checkthe
guality andconsisteng of the specificationgroduced.

Proege[190,227, 103 78] is anexampleof anopen-sourcgraphictool for ontologyedit-
ing andknowledgeacquisition.It canbeextendedwith pluginsto incorporatenew functionality.
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Availablepluginsallow, for example,the developmentandexchangeof ontologyspecifications
in avarietyof formats,includingDAML+OIL andOWL.

Methodologiesandguidelinedor developingontologiesappeain [109,226,19]. They help
to enhanceproductvity andto improve the quality of the ontologiesdeveloped. Methodsand
toolsfor automaticallyextractingontologiesfrom text documentsandsemi-structuredataare
proposedn [94, 62,181,182 184].

The spreadingof ontologiesfor differentdomainandapplicationdeadsto interoperability
problemsamongdiverseontologies.Proposedolutionsfor this probleminvolve ontologycom-
positionalgebrasand graph-basednodelsfor ontologiesarticulation[79, 183 131, 247, 245
244.

Finally, Jesg91] and Algernon[122] are examplesof inferenceenginesfor the semantic
Weh TheseengineshandleRDF/RDFSspecification@andrelatedformatsasrulesformalizing
declaratve knowledge. They applyinferenceto derive otherknowledgefrom the baseknowl-
edgepresentin ontology specifications.Theseenginescan be pluggedto an ontology editor
suchasPro&ge or simply procesRDF/RDFSexportedby suchatool.

2.7 WebServices

A Web service[81, 222, 39, 253 is a software moduleaccessiblehroughthe Internet. Web
servicesareusuallyself-describingandindependentThey communicatevith clientsandother
servicesvia messagesyver standardMeb protocols. EachWeb servicecanbe identifiedby a
URI andexposesa XML interfaceto allow its discovery andinvocationacrosshe Weh

The Web servicegechnologyis basedon the notion of building new applicationsby com-
bining network-availableservices.Theservicegarticipatingin distributedprocessesooperate
to achieve somegoal, by exchangingnessageandcoordinatingheir executions It enablesn-
teroperabilityof informationsystemsyhile allowing decouplingandjust-in-timeapplications
integration. The resultingcooperatie systemsare potentially self-configuring,adaptve and
robust,becausehey canallow thedynamicincorporationof alternatve servicesandavoid sin-
gle pointsof failure. FurthermoreimplementingsystemsomponentasWeb servicegeduces
complity, asapplicationdesignersio not have to worry aboutplatform andimplementation
details,which areencapsulatetly the Web servicesnterfaces.

2.7.1 Architecture and Basic Standards

A serviceorientedarchitecturegpostulatesooperatiorof software componentsvith threedis-
tinct roles: serviceproviders,servicerequesterandservicebrokers. A serviceprovider holds
theimplementatiorof oneor moreservicesandmanageshe public interfacesthat make these
servicesavailableon the Weh A servicerequestels the party that hasa needto be fulfilled
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by somepublishedservice. It canbe a humanuseraccessingervicesthrougha consoleor
Web browser an applicationprogramor anothenVeb service. The servicebroker providesa
searchableepositoryof servicedescriptionswhereserviceproviderspublishtheir servicesand
servicerequestersind descriptionsand binding informationto accessservicescontemplating
their particularneeds.

Serviceproviders,requesterandbrokerscommunicataisingstandardechnologiesThere
aremary standardsurrentlyunderdevelopmentto allow languageandplatformindependent
implementatiorof Web serviceg141, 229. Figure?2.12outlinesthe layersof standardsand
technologiesupportingWWeb services-basedpplications.

Cooperative Processes

Semantic Web Services
uDDI
WSDL
SOAP

Network Protocols

Acccess Control &
Security Policies

Figure2.12: Layersof Webservicesstandardsndtechnologies

TheNetworkProtocolslayerprovidesthebasiccommunicatioriacilitiesandprotocolge.g.,
HTTP). SQAP [28] is a lightweight protocolfor servicego exchangeXML-encodedmessages
and make procedurecalls over the Internet. Messagesan be routedalong a messageath.
SQOAP provideservelopingfacilitiesto describethe intentof a messageandhow to processt,
a setof encodingrulesfor expressinginstancesof application-definedlatatypes,anda con-
ventionfor representingemoteprocedurecalls andresponsesThoughSOAP wasoriginally
designedo useHTTP asthe transportprotocol,it canrun on othernetwork protocolssuchas
FTRP, SMTP or evenraw TCP/IPsoclets. SQAP is extensible,allowing differentcommunica-
tion modelssuchasone-way, request-responsandmulticast. In addition, SOAP is nottied to
ary languageor componentechnology

WSDL (Web ServicesDefinition Language)254] is a XML-basedformat for describing
Web services. WSDL specifieswhat a Web servicedoes,whereit is locatedand how it is
invoked. In WSDL, a serviceis regardedasa setof relatedendpointscalledports. The ports
of aservicecancommunicatevith portsof otherservicesria messagegshatcancontaineither
document-orientedr procedure-orientethformation. The abstractdefinitionsof portsand
messageareseparatedrom their network deploymentanddataformatbindings. This allows
the reuseof abstractdefinitions: port typesthat definesetsof operationssupportedoy ports,
and datatypesthat definethe databeing exchanged. A concretedataformat and protocol
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specificationfor a port type constitutesa reusablebinding. WSDL canwork in conjunction
with SQAP, HTTP GET/POSTor MIME.

UDDI (UniversalDescription,Discovery and Integration)[230] is a setof standardXML
schemasSQAP messageandAPI specificationgo build catalogdor finding specificWebser
vices. UDDI providesinformationaboutbusinesge.g.,name,description,contact),services
offeredand particularstandardsisedto bind with theseservices. It alsoprovidesidentifiers
andvarioustaxonomiego describebusinesge.qg.,relatedindustry productsandservicesgeo-
graphicakegion). A UDDI registryis itself aWebservice providing facilitiesto create modify,
deleteandqueryservicedescriptions.Theseregistriescanbe public or private. IBM andMi-
crosoftprovide public UDDI registries. Serviceprovidersonly have to registerto oneof these
public registries,sinceupdatego ary of themarereplicatedn the othersonadaily basis.

Thetwo top layersof Figure2.12referto the semanticandfunctionalaspectof Web ser
vicesintegration. Theselayersarestill underdevelopmentwith mary proposalsrom industry
and academia. The semantic\\eb serviceslayer employs semanticWeb technologiessuch
asontologies,to supportWeb servicesdiscovery, selectionandcomposition,accordingto the
needsof specificdomainsor applications. The Coopeative Processesayer concernghe co-
ordinatedexecutionof Webservicesn cooperatie processeacrosorganizationaboundaries.
Finally, Acces<ontmol and SecurityPoliciescanbe enforcedn ary Webservicesmplementa-
tion layer.

2.7.2 Cooperative Distrib uted Processegnabledby Web Serwvices
SemanticWeb Services

Semantio\eb serviceg166] areassociateavith well-definedsemanticgo expresstheir func-
tional propertiescapabilitiesapplicabilityandontologicalrelationshipsin orderto enabletheir
utilizationin cooperatie processesver anopenanddistributedervironment.Researclin this
arearely on semantidNVebideasandtechnologie§124, 260, 108,220, 164,213 221, 14,198
38, 166,37].

The capabilitiesof registriessuchasUDDI andlanguagesike WSDL are not enoughto
supportservicesdiscovery [198]. DAML-S (or DAML-services)[14] is an extensionof the
DAML ontologyspecificationanguageor Web services.It includesmechanismso describ-
ing, discover, selectactivate,composeandmonitorWebresourcesThework of [198] emplgys
DAML-S for servicesdiscovery, presentingan algorithmto matchservicerequestswith the
profile of adwertisedservicespasedn the minimumdistancebetweerconceptsn ataxonomy
tree. Cardoscand Sheth[38] presentmetricsto selectWeb servicesor composingprocesses.
Thesemetricstake into accountfunctionalandoperationafeaturessuchasthe purposeof the
servicesquality of service(QoS)attributes,andtheresolutionof structuralandsemantiacon-
flicts. Mcllraith etal. [166] useagentprogrammingo definegenericproceduresnvolving the
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interoperatiorof Web services.Theseproceduresexpressedn termsof conceptslefinedwith

DAML-S, donotspecifyconcreteservicego performthetasksor theexactwayto useavailable
services Suchproceduresireinstantiatedy applyingdeductionin the context of a knowledge
basewhich includespropertiesof the agentts user andthe Webservices.

Topology and modelshave beenproposedo enablecooperatiorand compositionof ser
vices.Schlosseetal. [213] proposeagraphtopology determinedy aglobally know ontology
to speedup communicatiorof Web servicesin a peerto-peersystem. Maximilien and Singh
[164] presenta modelfor gatheringandassessingnformationrelative to the useof Web ser
vicesto determinetheir trustfulness.Sirin et al. [220] presentsa prototypeto guidea userin
thedynamiccompositionof Webservices Finally, Griininguerf108] shonv how anontologyfor
processspecificatiolanguagesansene asa semantidoundationfor the compositionof Web
services.

Web SewicesCoordination

Nowadays thereis a myriad of proposalsconcerninghe interoperabilityandsynchronization
of Webserviceqd234,116 20, 87,204, 250,175. Examplesof Web servicescompositionlan-
guagesncludeBPEL4AWS(BEA, IBM, Microsoft) [250], WSFL (IBM) [255], BPML (BPMI),
XLANG (Microsoft), WSCI (BEL, Intalio, SAR Sun), XPDL (WfMC), EDOC (OMG) and
UML 2.0 (OMG). Somechallengeof thesetechnologiesre: (i) reducingthe amountof low-
level programmingnecessaryor theinterconnectiorof Webservicege.g.,throughdeclaratve
languages)(ii) providing flexibility to establishinteractionsamonggrowing numbersof con-
tinuouslychangingWeb servicesduringruntime, and(iii) devisingmechanisméor thedecen-
tralizedandscalabldgransactiorcontrolfor cooperatie processesunningontheWeh Much of
the currenttechnologyfor syncronizingprocessearebasedon centralizedcontrol, evenif the
the executionis distributed. This centralizationis inappropriatfor Web systemsfor reasons
of autonomyand scalability Thus,in oppositonto techniquego orchestrateservices,Web-
basedworkflows requiretechnologyto allow serviceto choreographyheir executions,based
onagreeduponprotocols.

VanderAalst[234] compareshe major candidatestandardgor Web servicescomposition
and synchronization.He points out problemsrelatedwith the lack of formal semanticsgex-
pressvenesscompleity andadequag of theseproposals[234] suggestsheincorporationof
well-establishegrocesamodelingtechniquesn a single standardior Web servicescomposi-
tion. The useof Petri-netsfor this purposeis consideredn [116, 235, 186]. Activity models
appeain [93, 157,156,155 154.
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2.8 Applications and Supporting Environments

SemanticWeb applicationstake advantageof knowledge,representedn proposedstandards
like RDF, to leverageautomatedmeansto describe,organize,discover, selectand compose
Web resourcedor the solutionof a variety of problems.The mostusualapproachs to define
semantianarkupbasedn someontology andusethemto integrateandprovide unifiedaccess
to dataandservicestypically via Web portals. Therearemary examplesof this approachn
theliterature[121,216,111, 13].

Someexperimentalsystemspossesdglistinctive features. Edutella[188] is a Peerto-Peer
infrastructureusing RDF metadatao facilitate accesgo educationaresources.In Edutella,
eachpeerholdsa setof resourcegndhasan RDF repositoryof resourcadescriptionsto allow
gueryingits contentsat the storagelayer (e.g., SQL) or userlayer (e.g.,RQL). Peerscanbe
heterogeneoum their internal organizationandthe querylanguagethey provide. The com-
mondatamodelandthe exchangdanguageof Edutellaenablesa standardnterfacefor posing
gueriegto specificpeersor communitiesandfind resourcescrosghe network.

Piazza[119 is aninfrastructureto provide interoperabilityof datasourcesn the Web, by
mappingtheir contentsatthedomainlevel (RDF) andthedocumenstructurdevel (XML), and
addressinghe interoperatiorbetweentheselevels. The mappingsare specifieddeclaratvely
for smallsetsof nodes.A queryansweringalgorithmchainsthesemappinggogetherto obtain
relevantdatafrom acrosghe network.

Papersfocusingspecificallyscientificapplicationsof the semanticWeb and Web services
include[224,160,174,102 43]. Somescientificapplicationgeferto particularfields suchas
bioinformatics[34, 153,41, 223,114,104, earthscienceg17, 241] andthe ervironment[16,
42, 161]. Thegrid — a platformfor coordinatedesourcesharingthroughthe Internet,increas-
ingly usedfor scientificdataprocessing- andthe semanticWWeb have mutual characteristics
andgoals[102]. Both operatan aglobal,distributedanddynamicernvironment,andbothneed
computationallyaccessibl@ndsharablenetadatdo supportautomatednformationdiscovery,
integrationandaggreation.

POESIA(Chaptefl) introducegheconcepof ontologicalcoverages- tuplesof termstaken
from amultidimensionabntology— which areusedto describeheutilization scopeof dataand
processingesourcesparticularlyin agriculturalsciences.The partial orderingamongthese
descriptorsenablethe organization discovery, andreuseof resourcesPOESIAalsoincludes
mechanismsbasedon ontologies,workflows and actvity models,to semanticallyorient the
compositionof Web servicesn cooperatre distributedprocesse$Chapter3) andhelpto trace
theinformationflow acrosgheseprocessefChapterd).

Webserviceglevelopmentandexecutionplatformsaredescribedn [88, 53,138,249, 176|.
Bandholtz[16] proposethe useof Web servicesto shareontologiesanddescribeghe imple-
mentationof a servicenetwork for this purpose.
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2.8.1 Scientific Workflows

Scientificwork is typically basedn experimentd43]. Sometimescientistgely on simplified
modelsof realworld phenomenao found their investigation,andusevastamountsof datato
corroborateheir results. The technologicaldevelopmenthasgeneratedh greatavailability of
data,from a variety of heterogeneousourcesthat scientistscanuseto enhanceheir experi-
ments.Moreover, scientistscanexchangemodelsandcomputemprogramamplementingthese
models.Althoughscientificwork canvary amongdiversepeople disciplinesandorganizations,
it canbenefitalot from dataandsystemsnteroperability

Scientific\orkflows[41, 12, 168, 239, 8] useworkflow technology{130, 123 59] to man-
agescientificwork. They regardscientificexperimentsascomplex processewith intricatedata
transformationsand informationflow. Theseprocessesnay encompassutomaticand man-
ual actvities. The dataand executiondependencieamongtheseactuities canbe very com-
plex, yielding interoperabilityand synchronizatiorproblems. Many scientific processesre
distributed,in orderto enablecooperatiorof differentgroupsandfosterreuseof partialresults.
Therefore semantidVebservicetechnologiesrefundamentato implementtheseprocessem
anopenernvironmentencompassindifferentplatforms.

Scientific processesliffer from businessprocesse several aspects.Scientificwork de-
mandsfreedomto try alternatve ways of doingthings. The sequencef steps(andeventhe
goal,sometimes)s nottotally known in advance.The scientistperformsometaskanddecides
on thefurther stepsonly after evaluatingthe previous ones. Specificsubjectan scientificpro-
cessesnanagemernncludedocumentationi238] andreoganization156] of theseprocesses.

The exploitation of the workflows paradigmfor managingscientific processefiasbeen
exploitedin specificdomainssuchasbioinformaticq34,41,223 17( andgeoinformatic$214,
241, 169, 11, 129, 259, 10]. For instance,Cavalcantiet al. [41] combinesmetadatasupport
with Web servicesn aframework to supportscientificworkflows andapply this framewvork to
structuralgenomics Sefino etal. [214], ontheotherhand,usescientificworkflows to describe
andreusepatternof geographidataprocessingn agriculturalandervironmentalapplications.

2.8.2 Geographiclnformation Systemsinter operability

Gegraphicinformationsystemg$GIS)[3, 167, 49] managealatareferringto geographi@ntities
or phenomenaThesedataaregeo-referenced.e.,they carrysomeindicationof thegeographic
location. A GIS providesspecializedbasicfacilities to procesgyeographiadata,beinguseful
for informationextraction,planninganddecisionsupportamongotherkindsof applications.
The GIS market is characterizedby proprietaryformatsthat make interoperabilityhardto
achieve. Many formatshave beenproposedor exchanginggeographiacata[192, 217, 9]. How-
ever, scientistdhave progressiely found out thatstandardormatsarenot enoughto strengthen
GIS interoperability[105]. The corversionof datathroughtheseformatsoften resultsin in-
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formationloss, incorrectinterpretationof dataand poor informationquality [51]. It happens
becausdormatsfor geographiadataexchangearemainly concernedvith syntax,structureand
the geometryof geographimbjects. Even GML (GeographyMarkup Language]192] do not
ensureahecorrectinterpretatiorof data,becausé doesnottake into accounthesemanticand
thebehaior of geographimbjects.

Theimportanceof establishingasemantidasisfor geographidatarepresentatioandman-
agemenhasbeenrecognizedn severalpaperd70, 203 54,90, 161, 257. Corcolesetal. [54]
describesan approackor integratinggeographiaata,basedon mappingsbetweerontologies
andXML schemasThey presentinontologyto supportthe creationandexchangeof semantic
descriptordor geographiaesourcegXML documentscontaininggeographiadata). The de-
scriptorsandthelinks amongthemandtheresourceshemselesarebothexpressedn RDF It
enables uniquelanguagdor queryingGML documentswithoutknowledgeof their structure.

Ontologiesfor the integration of geographicdataappearin [90, 161, 252. Fonsecaet
al. [90] employs ontologiesto define classedor developing geographicapplications. Their
applicationgrely on ontologysenersandmediatorgo accesgheir datasources.lt allows, for
example,loadingdatainstancedgrom heterogeneoudatasourcesusinga schemadefinedby
oneontology

GIS interoperabilityalsorequiresadditionallevels of integrationsuchas commonalityof
systemsbehaior and system-useinteraction. The adoptionof a commongeographicdata
model [228, 26] or at leasta framework to unify heterogeneoumodels[50] constitutesone
ingredientto achieve this goal.

2.9 Conclusions

Integrationof heterogeneoudatahasbeenoneof the greatesthallengesn databaseesearch.
Theadwentof theWebis pushingthedemandor solutions,andreformulatingthis probleminto
amorecomple setting— the discovery, selectionandcompositionof dataandservices.Solu-
tionsfor all theseproblemsinvolve versatilestandardsandenrichingthe Web with semantics,
in orderto allow interoperabilitywhile embracingdiversity.

The Webis becomingthe commonplatformfor implementingcooperatie distributedsys-
tems.The semantidVebandworkflows basedon the collaborationof servicesacrosshe Web,
areexpectedo expandtherole of computergo supporthumanactvitiesin avarietyof fields. In
thisopendistributedervironment,dataprocessingndsemanticeannotedissociatedpecause
the meaningof datadependson the whole processemployed to producethem. Technology
to supportthe idealizedsystemss underfastdevelopment,in areasrangingfrom knowledge
managemento Web servicesdevelopmentand composition. Concreteapplicationsmust be
developedin thenearfutureto fulfill endusers’expectations.

This surwey hasoutlinedthe researchon information systemsnteroperability from work
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on interconnectiorof relationaldatabasesp the mostrecentdevelopmentsn semanticWeb
services. The major contributionsare: (1) describingand comparingproposedstandardsand
architecturesy2) cateyorizing heterogeneityand proposedsolutions; (3) discussingspecific
needgselatedwith dataandservicesntegration,particularlyfor scientificapplications.
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Chapter 3

POESIA: An Ontological Workflow
Approachfor Composing
Web Selrvicesin Agricultur e

3.1 Intr oduction

Web serviceqd253] arecomponentgor constructingnext-generationNeb applications.These
compositéVebapplicationsarebuilt by establishingneaningfuldataandcontrolflows among
individual Web services.Thesedataandcontrolflows form workflowsconnectingcomponents
distributedoverthe Internet.However, therehasbeenvery limited researcton the composition
of Webserviceausingworkflow conceptandtechniquesThisis partially dueto thelimitations
of centralizedcontrolin traditionalworkflow managemensystemswhich areinadequatdor
the scalabilityandversatility requirement®f Web applicationge.g.,dynamicrestructuringof
processefl68] andactities[157]).

This paperbridgesthis gap by applying advancedworkflow and actiity conceptsn the
compositionof Web servicestoward the constructionof sophisticatedsemanticWeb applica-
tions. Our approachis called POESIA (Processe$or Open-Endedsystemsfor Information
Analysis),an openervironmentfor developing Web applicationsusing metadataand ontolo-
giesto describedataprocessingatternsdevelopedby domainexperts. Thesepatternsspecify
thecollection,analysisandprocessingf datafrom avarietyof Internetsourcesthusproviding
building blocksfor next-generatiorSemantidNebapplications.

The maincontribution of the paperis POESIAs supportof Web servicecompositionusing
domainontologieswith multiple dimensionge.g.,spacetime, andobjectdescription).Tuples
of termstakenfrom theseontologiescalledontological coverages formally describeandorga-
nize the utilization scopesf Web services.A utilization scopeis a context in which different
datasetsandspecificversionsof arepertoireof servicesanbeused.In POESIA Webservices

38
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are composedunderthesescopeshroughwell-definedoperationssuchas specializatiorand
aggreation. Rulesbasedn the correlationof utilization scopesandtheir ontologicalrelation-
shipsenablesystematieneando verify thesemanti@andstructuralconsisteng of Webservices
compositionsin addition,POESIAontologiesareusedin thedeterminatiorof thegranularities
for selectingandintegratingdataandprocesseaswell ashelpingto describeheir semantics.

Thesecondmaincontribution of this paperconsistsn shaving how POESIAresohessome
openissuesn Web servicescomposition. This is donethroughthe modelingof a substantial
applicationof practicalimpactusingPOESIA. Our applicationis in the areaof environmental
informationsystemsspecifically agriculturalzoning— the determinatiorof land suitability for
importantcrops. Agricultural zoningis a challengingapplicationfor several reasons.First,
several kinds of heterogeneouscientificdatastreamssuchas meteorologicameasurements,
aregathereatontinuouslyin largevolumesandcorrelatedor specifictemporalandspatialcon-
ditions. Secondthesedatasourcesare distributed over the Web, increasinglythroughWeb
services.Third, agriculturalzoningis a cooperatie (distributed)decision-makingprocessn-
volving expertsfrom severalfields. Finally, it requirescontinuougprocessingincethesituation
is frequentlyreevaluateddependingon temporal(seasonalthanges.

POESIAIs a contribution toward the realizationof the vision of the SemanticWeb for
scientificapplicationslt allowsthe partialautomatiorof someexpertreasoningor organizing,
reusing,and composingnot only databut also the Web servicesthat provide accesgo and
procesghesedata.

The remainderof this paperis organizedas follows. Section3.2 describesour example
application. Section3.3 definesthe domainontologiesand ontologicalcoverageghat arethe
basisof our approach.Section3.4 presentgshe POESIA approachto specify and reuseWeb
services.Section3.5 outlinesthe maintechnicalissuesn the implementatiorof the POESIA
environment.Section3.6 discusseselatedwork, andSection3.7 concludeghe paper

3.2 Application scenario

3.2.1 Agricultural zoning

Agricultural zoningis a scientificprocesgo determindand suitability in a geographiaegion
for a collectionof crops. This proces<tlassifiesthe land into parcelsaccordingto their suit-
ability for a particularcropandthebesttime of yearfor key cultivationtasks(suchasplanting,
harwesting,pruning,etc). The goal of agriculturalzoningis to determinethe bestchoicesfor
a productve andsustainablaiseof the land while minimizing the risks of failure. However,
someconstraintanay imposeinevitable trade-ofs thatleadto compromisege.g., short-term
productvity vs. long-termsustainability). Typically, agriculturalzoning requireslooking at
mary factorssuchasregionaltopographyclimate,soil propertiesandcrop requirementsAd-
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Figure3.1: Determininglandsuitability for Coffeaarabicain Brazil's CenterSouth

ditional concerngnclude interactionswith wildlife, ervironmentalpreseres, and socialand
marketimpact.

As illustratedin Section3.2.2,agriculturalzoningis a complex processconsistingof in-
tricate interactionsamonga variety of datasources. The processis built by cooperationof
expertsfrom mary scientificandengineeringlisciplines.For example,agronomistsontribute
with plantingtechniquesand crop managemeniodels. Biologists provide crop growth and
nutrientrequirements.Statisticiangprovide risk managemenanalysisfor potentialcrop fail-
ures(e.g.,dueto severeweather) Ervironmentalscientistsaanalyzetheimpactof cropselection
overtheernvironmentfor boththe shortandlong term. Theseandotherscientistandengineers
bring togethertheir expertiseanda variety of computationabnddataanalysistoolsto build an
agriculturalzoningmodel.

At runtime, anagriculturalzoningprocesbtainsrelevantdatafrom a variety of heteroge-
neoussourcesprimarily sensorghatcollectdataon physicalandbiological phenomende.g.,
weatherstations satellites Jaboratoryautomationequipment).Sincegatheringandprocessing
real-timedatacanbe costly, databaseystemsandexisting documentsn differentformatsare
frequentlyusedasalternatve sourcesln ary case Jarge amountof fine-graineddataareusu-
ally requiredfor extractingthe needednformation. Both dataand dataprocessingools can
be encapsulatednd provided throughWeb services. In summary agriculturalzoning com-
binestoolsandservicesdevelopedby a diversesetof scientistsaandintegratesdatafrom mary
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heterogeneousourceghroughcoordinatedactiities, asdescribedy POESIA.

Agricultural zoning hasbeena laborintensve processhat is both expensve andslow to
developdueto thecompleities mentionedabove. Thisis aserioudssuesinceit is anextremely
importantproblemfor a country with mary commercialcropssuchas Brazil. Supposewe
want to producean agriculturalzoning model for the top 20 cropsfor eachregion. Let us
considerthe 10 major varietiesof eachcrop (thesevarietiesusuallyhave differentweatherand
soil requirements)Simply dividing Brazil accordingto stateboundarieg27 stateswill result
in morethan5000models. It is clearthatwe needa systematiovay to develop and maintain
thesemodelssincemanualprocessewill betoo expensve anderrorprone.

3.2.2 Casestudy

Figure 3.1 illustratesa specificagriculturalzoning process namely land suitability for Cof-
feaarabicain the CenterSouthregion of Brazil. Coffeaarabicais the mainspeciesf coffee
producedby Brazil. Although coffeeis no longerthe country’'s numberoneexport product,it
remainsoneof the majorfarm export productsdueto the high commercialalue of goodcof-
fee. Thezoningprocesdor Coffeaarabicais composedf severaldistributedandcooperating
actuities, representedby ellipses.Datafrom several sourcesare processedy theseactvities,
andtheresultsgeneratedby eachactiity aretransferredo otheractuities or datarepositories.
Accordingto domainexperts[75, 262, themostinfluentialervironmentalffactorsfor Coffea
arabicaare: (1) soil wateravailability, (2) air temperatureand(3) therisk of freezing. These
factorsarereflectedin the structureof the land suitability processn Figure 3.1, which relies
on a datawarehousef climate attributesto obtainaggreyatedvaluesof measurementsuch
asmaximum,minimum, andaveragetemperatureandtotal rainfall, in appropriatdime gran-
ularities. This warehousas a composite\WWeb serviceencompassingesourcedor collecting
andmaintainingclimate datafrom several regionsandinstitutions. It servesasinputto three
actiities that canbe executedin parallel— EstimateWater Balance Asses®ir Tempeature,
andAsses$reezingRisk Theactiity EstimateWater Balancetakesthe expectedrainfall and
theaverageair temperaturdor eachmonthof theyear thewaterretentioncapacityof the soils,
and somephenologicalcoeficients of coffee plants(collectedfrom legag/ databasesystems
andscientificpublicationsin agronomy)to estimatethe waterbalance- a measurementf the
expectedamountof moistureavailablein the groundthroughtheyear EstimateWater Balance
is followedby Asses$\ater Deficit, which compareshedatafrom waterbalancewith thewater
demand®f the plantsduring their successie phenologicaktagesproducingthe waterdeficit
index (WDI) —ameasuremerdf the expecteddeficit of waterfor the cropthroughoutheyear
In a similar way, the activities Assesdir Tempeature and Assess$-reezingRiskuseother
climatedataandtopographiadatato producethe averageair temperaturethe probability of air
temperaturexceeding34°C, andthe probability of freezing. Thesepartial results(indicesand
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Figure3.2: Landsuitability mapfor Coffeaarabicain Pararé State

probabilities)are visualizedas maps,shaving the distribution of the relevant measurements
or estimationsacrossthe region. Whenall theseactvities finish and deliver their results,the
actvity ClassifyParcelsfusesthesepartial resultsto determinethe suitability of the expected
ervironmentalconditionsacrosghe landsfor the crop.

The datasourcesand actiities for agriculturalzoning may be dispersedacrossdifferent
sitesover the Internet. Furthermoretheseprocessesre sensitve to crop, location,andtime,
i.e.,they dependon the speciesandvariety of the crop,the ervironmentalcharacteristicsf the
region, andthe opinionof the expertsinvolved. Thegranularitiedor which theseprocesseare
definedareusuallynotuniform. Indeed for somecropsit is possibleto deviseagenericzoning
processwhile othercropsrequirespecificprocesse$or eachplantvariety Similarly, certain
zoningprocessearedefinedfor vastregionsandothersfor specificlandparcels.

The mapof Figure 3.2, borraved from [75], shaws the land suitability resultsfor Coffea
arabicain the stateof Parara. It shaws, for instance thatin the southernareaof the state,
onefreezingevent happenson averageevery 2 years. Freezingscanimpair the productvity
andevenkill coffee trees,renderingthat areaunsuitablefor coffee cultivation. Governments
andfinancialinstitutionsrely on this kind of information, for instanceto defineandenforce
adequatdoan grantingpolicies. Thesepolicies direct farmersto choicesand practicesthat
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contribute to lessenrisks and increasethe productvity of their enterprises. Experiencesn
sectorf Brazilianagriculture[212] in thelastfew yearscorroboratéhe economicadvantages
of adoptingthis scientificapproactto agriculturalzoning.

3.2.3 Technicalchallenges

In our applicationexample thesemantic®f dataareinterrelatedwvith the processethatmanip-
ulatethem,sothatdataandprocessesannotbe completelydecoupled.nterconnecteactivi-
tiescooperatavith eachotherto processlatacollectedfrom severalheterogeneoudistributed
sourcesgiving riseto distributedprocesses/hosecompleity requiregheirorganizationn sev-
eralabstractiorievels. The outputsof a processancontributeto theinputsof otherprocesses.
The datasourcedo be taken into accountandthe resultinginformation, for eachspecificap-
plication,aredynamicallydefinedby userrequirementsandcontingenton climatic conditions.
Theanalysisof theresultsgivesfeedbacko improve theprocesor devise new ones.However,
despitethe numerouariantsof theseprocessessomepatternscanberecognized.

Thesescientific processesire in fact vastand distributed efforts for dataintegrationand
fusion. By data integration we meanthe transformationsappliedto heterogeneoudataso
thatthey canbe analyzedogetherfor somespecificpurpose.lt doesnotimply thatdatamust
be coercedand congealednto a global schema. What mattersis the correctinterpretation
anduseof the data. Data fusion consistsin applying somefunction to a collection of data
valuesto produceothermeaningfulvalues(e.g.,fusethe expectedervironmentalconditionsof
alandparcelto determindts suitability for acrop). Our experiencewith scientificapplications
shaws thatdataintegrationandfusionarescatteredcrosshe constituentactiities of complex
processest distinct abstractiorlevels. Expertsin this kind of context facemary challenges,
someof which aredescribedelow.

IdentifyingResouces Lack of catalogsandinspectionmechanismso find andreuseavailable
Webresourceso solve eachparticularproblem.

Systemnteroperbility Domain expertsand technicianswastetime corverting dataamong
formatsof differenttools. This effort shouldbe spenton application-specifitcssues.

Data Traceability Thereis no meansto track dataprovenancej.e., their original sourceand
the way they were obtainedandprocessedThis hamperghe evaluationof whetherthe
guality of adataitem satisfiegherequirement®f a particularapplication.

ProcesDocumentatiorand Execution Processesarerarely documented.Whenthis is done,
the specificationgproducedareeithernot broadenoughfor giving a generalview of the
processe®r not formal enoughto allow the automaticrepetition of the processwith
differentdatasets.
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Processversatility Thereshouldbe schematianeando reformulateprocessesnthefly. This
kind of decisionsupportsystemrelieson continuouseedbackio improve the processes
—asdatakeeparriving andresultsareproducedthe processemay evolve.

Adaptationand ReuseMechanismdor adaptatiorandreuseof Web servicescould boostpro-
ductvity andenhancehe quality of theresults.

Theseissuesarecommonto severalkinds of applicationsnvolving distributedprocessesver
the Weh The following sectionsdescribethe POESIA approachfor handlingsomeof these
issues.

3.3 Ontological delineation of utilization scopes

Ontologieqg110] describehe meaningof termsusedin a particulardomain,basedon semantic
relationshipsobsened amongtheseterms. In the POESIAapproachthey play a crucial role

in composingWeb services.Concretelyontologiesdelineatethe utilization scopesf datasets
andprocesseandorienttherefinementandcompositionof Web services.A utilization scope

or scopefor short,is a contet in which differentdatasetsandspecificversionsof arepertoire
of servicescanbe used. In this section,we describethe structureof our multidimensional
ontologiesandhow they delineateandcorrelateutilization scopes.Thesearethe foundations
of our schemeto catalogand reusecomponentsand ensurethe semanticconsisteng of the

resultingWeb servicescompositions.

3.3.1 Semanticrelationshipsbetweenwords

Let ©2 be a setof simpleand/orcompositewordsreferringto objectsor conceptdrom a uni-
verseof discoursd/. Objectsarespecificinstancege.g.,Brazil ). Conceptsareclasseshat
abstractlydefineandcharacterizea setof instancege.g.,Country ) or classes.The universe
of discousegivesa context wherethe meaningof eachword w € € is stableandconsistent.

Thefield of linguisticsdefinesseveral semantiaelationshipdbetweenwords. We consider
thefollowing subsein this work:

SynonymTwo wordsaresynonym®f eachotherif they referto exactly the sameconceptor
objectsin U.

Hypernym/hyponynf word w is a hypernynof anothemword v’ (corverselyw’ is ahyponym
of w) if w refersto a conceptthatis a generalizatiorof the conceptreferredto by w’ in
U. Hyporym is theinverseof hyperrym.
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Holonym/meonym A word w is aholonymof w’ (corverselyw’ is ameonymof w) if w' refers
to aconcepbr objectthatis partof theonereferredto by w in U. Merorym is theinverse
of holonym.

Roughlyspeaking synorym standsfor equivalenceof meaning hyperrym for generaliza-
tion (IS_A), andholonym for aggreyation (PART_OF). For example,in the agriculturerealm,
Cultivar  isasynonynof Variety  of Plant andCrop isahypernynof Cultivar

A setof words(2 is saidto be semanticallyconsistenfor the universeof discourse/ and
a setof semantiaelationshipsY if at mostonesemantiaelationshipof Y holdsbetweenary
pair of wordsin €2. This ensuresomecoherencéor the meaningof thewordsin Q2 for U.

The semantiaelationshipslefinedabove presere certainproperties.Let w, w’, andw” be
ary threewordsand# denoteoneof the semantiaelationshipsonsidered.Then,for a given
universeof discoursd/, thefollowing conditionshold:

e w synonym w (reflexivity)
e wlhw AN wOw' = wbw' (transitvity)
e w synonymw' A w' @ w" = w6 w" (transitvity wrt synoryms)

Thesepropertieenabletheorganizatiorof asetof semanticallyconsistentvords(2 accord-
ing to their semantiaelationshipsn agivenuniverseof discoursd/. Thesynonynrelationship
partitions(2 into a collection of subsetsuchthat the words of eachsubsetareall synoryms.
Thetransitvenes®f thehypernymandholonymrelationshipsorrelateshe semantic®f words
from differentsubsetof synoryms, inducing a partial orderamongthe wordsof 2. There-
sultingarrangementf semanticallyconsistentvordsis a directedgraphGg, thatexpresseshe
relative semantic®f thewordsof 2 for theuniverseof discoursd/ (seeproofin Annex 1). The
nodesof G arethesubset®f synorymsof €. Thedirectededgef G, representhesemantic
relationshipsamongthe words of differentsubsets.Thereis a directededgefrom vertex & to
vertex i’ of G if andonly if eachword of R is the hypernymof all the wordsof ' or each
word of R is the holonymof all thewordsof &'.

Considerthe casewhereall the words of 2 representoncepts. Thenan arrangemenof
semanticallyconsistentwordsis called an arrangemenbdf semanticallyconsistentconcepts.
Figure3.3illustratesanarrangemenf conceptdor territorialsubdvisions. It is anextractfrom
averylargesetof ontologicalconceptsisedby expertsfor developingagriculturalapplications.

The conceptsappeatin the rectangles.The edgesepresentindnyperrym relationshipsare
denotedby a diamondcloseto the specificconceptandthe edgesepresentindnolonym rela-
tionshipsaredenotedoy a blackcircle closeto the componentoncept.This graphdenoteghat
aCountry is composedf asetof States or, alternatvely, a setof Country  Regions .
A Country Region maybeaMacro Region , anOfficial Region , or anotherkind
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of region. Macro andOfficial Regions arecomposedf States , but aregion of type
Metro Area is composedf Counties . Eco Region andMacro Basin defineother
partitionsof spacebasedon ecologicalandhydrologicalissuesyespectrely. Thereis no con-
strainton the geometryof the land parcelsmodeledaccordingto theseconceptsexceptfor
the containmentelationshipamplied by the hypernymandholonymrelationshipge.g.,each
state mustbeinsideonecountry ).

Country
Region

S
Official

Region Region

Location

Figure3.3: An arrangementdf conceptgelative to territorial subdvisions

Givenanarrangement:o for a semanticallyconsistensetof words(2, we saythataword
w € Q encompasseanotheword w’ € €, denotedby w = /', if andonly if w andw’ arein
the samevertex of G, (i.e.,w = w' or w synonym w') or thereis a pathin G leadingfrom
thevertex containingw to thevertex containinguw’ (i.e., thereis asequencef hypernymand/or
holonymrelationshipsrelatingthe meaningof w to the morerestrictedmeaningof w'). The
encompaseelationships transitve (seeproofin Annex ). Accordingto Figure3.3,Country
= State , Country = County , andsoon.

Now considerthe instantiationof the conceptdrom Figure 3.3. For example,the concept
Country canbe instantiatedto Brazil , State to its states,andsoon. Let us call the
instancesof conceptderms If thereis a semanticrelationshipbetweentwo conceptsof an
arrangemenof conceptsthe samerelationshipholds betweentermsinstantiatedfrom these
concepts.Therefore thearrangemendf semanticallyconsistentonceptgplaysarole lik e that
of a schemador the correspondingsetof terms,inducinga similar structure(direct graph)to
arrangdhe semanticallyconsistenterms.Figure3.4aillustratesa subgraphof thearrangement
of conceptdrom Figure3.3andonecorrespondin@rrangemendf termsreferringto Brazilian
regions,statesandsoon.

Termsarenot restrictedto instancesf objects. Figure 3.4billustratesan arrangemenbf
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Figure3.4: Arrangement®f semanticallyconsistenterms

conceptsand one correspondingarrangementf termsreferringto cropsand their varieties.
Grains,beansyice, corn, etc. do not referto specificobjectsbut to conceptqor classes)This
is anexampleof a specializatiorrelationshipbetweernthe termsandtheir respectre concepts.
Furtherformalizationof thesenotionsis outsidethe scopeof this paperandappearsn (Annex

).

3.3.2 POESIA ontologiesand ontological coverages

A POESIAontolagy is a collectionof arrangementsf semanticallyconsistenterms. Eachar-
rangementlescribesa particulardimensionof the domain. For instance Figure 3.4 presents
fragmentsof arrangementsf termsfor the (a) spaceand(b) productdimensionswith there-
spectve arrangemendf concepton the left of eachhierarchy On referringto atermof such
a hierarchy one must qualify the term with the correspondingonceptof the respectie ar-
rangemenof conceptdy usingtheexpressiorconcept(termjn orderto avoid ambiguity Thus
State(RJ) refersto the Brazilianstate calledRio de Janeiro (RJ is anacrorym),
while County(RJ) refersto thecounty of thesamename.

An entire pathin the hierarchymay be requiredto preciselyindicatea term (e.g., if the
samecounty nameappearsn differentstates ). An unambiguousgefeenceto a term of
anontology X is a pathin oneof the arrangementsf termsof X. This pathis expressedyy
the concatenatedequencef concept(term)yerticesvisited within it. This sequencewhen
taken as a string, must be unigue acrossall the dimensionsof the ontology For instance,
State(RJ).County(Campos) is anunambiguouseferenceo thecounty calledCam-
pos inthestate calledRio de Janeiro . ThetermCrop(beans) isanunambiguous
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referencetoo, becausehereis only onecrop calledbeans .

Finally, we arereadyto defineontologicalcoveragesandtheir properties.An ontolagical
coverage is atupleof unambiguouseferenceso termsof a POESIAontology Someexamples
of ontologicalcoveragesare:

[Country(Brazil)] )

[Crop(beans)] ,
[Country(Brazil),Crop(beans) ],and
[Country(Brazil),Crop(beans) ,Cro p(ri ce)] .

Eachof theseontologicalcoveragesxpresse®neutilization scope or scopefor short,i.e.,
acontet in which a datasetor servicecanbe used.

An individual term of anontologicalcoverageexpresses utilization scopein a particular
dimension.For instance the term Country(Brazil) , definedin the spacedimension ex-
presseghe utilization scope“the whole country  calledBrazil ”. The universalcoverage
(denotedby o) is the emptytuple. It doesnot restrictthe utilization scopein ary dimension.
The scopeexpressedy termsreferringto the samedimensionis a restrictionof the universal
scopeto theunionof thescopesexpressedy theindividualterms.For instancetheontological
coveragd State(RJ),State(SP)] expresses scopeobtainedby theunionof thescopes
individually expressediy thetermsState(RJ) andState(SP) . The scopeexpressedy
termsreferringto differentdimensiongsrestrictsthe universalscopeto the intersectionof the
scopesexpressedyy the individual terms. For example, [State(RJ),Crop(orange)]
restrictsthe scopeto the intersectionof the scopesdefinedby the spatial dimensionterm
State(RJ) andthe agriculturalproductdimensionterm Crop(orange) . To narraw the
scopen aparticulardimensionpnehasto choosea morespecifictermin theontology(e.g.,go
from State(RJ) to County(Campos) ). Theabsencef termsfor a particulardimension
meanghatthe scopes notrestrictedto thatdimension.

The semanticrelationshipsamongthe termsof a POESIA ontology induce semanticre-
lationshipsamongontological coverages. Given two ontological coverages,C' and C’, de-
fined with respectto the sameontology X, C encompasse§’, denotedby C = (', if and
only if for eachterm w € C thereis anotherterm w’ € C’ suchthatw = w' (where
w andw’ arein the samedimensionof ). For example, [Country(BR)] = [Coun-
try(BR).Region(CS)] , 1.e., thewhole countryencompassets CenterSouthregion.

The encompasselationshipbetweenontologicalcoveragess transitve, inducinga partial
order amongcoveragesreferring to the sameontology (seeproof in Annex I). The univer
sal coverageencompasseary other Thus,co = [Country(BR)] , [Country(BR)] =
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Figure3.5: A schemdor POESIAontologiesandontologicalcoverages

[Country(BR),Crop(beans)] , andsoon. Onecanalsoevaluatethe equivalencef on-
tological coverages Two ontologicalcoverages” andC’ areequivalent(denotecby C' = C")
if andonly if they encompasgachother(i.e.,C = C" andC’ = C). This occursif eachterm
in C hasasynorym in C’ andvice versa.For example,[Country(Brazil)] = [Coun-
try(BR)] becaus@Rcanbeusedasasynorym of Brazil.

Figure3.5presentanentity-relationshigiagramfor POESIAontologiesandthe ontologi-
calcoverageslefinedaccordingo suchontologies.It shovsthataPOESIAontologyhasoneor
moredimensions.The domain-specifitermsfor eachdimensionareorganizedin anarrange-
mentof semanticallyconsistenterms. The qualifiersof theseterms,i.e., the conceptgdefining
the classef terms,are organizedin an arrangementf semanticallyconsistentonceptgor
eachdimension.An ontologicalcoverageas atupleof termstakenfrom oneor moredimensions
of anontology

3.4 The POESIA activity model

3.4.1 Overview

Thebasicconstrucof themodelis theactivity pattern It mayreferto any kind of dataprocess-

ing task— computationabnd/ormanual. Thesetasksare performedin an openervironment,

comprisingseveralplatforms.In POESIA,actvity patternsareimplementecasWebservices.
An actvity patternhasa setof communicatiormports, called parametes, to exchangedata
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with otheractuity patternsanddatarepositories.Eachparameteof an actvity patternrefers
to a Web serviceencapsulating datasourceor sink for that particularpattern. Eachinput
parameters associatedavith outputsof anotheractvity patternor with a datarepository Con-
versely eachoutputparameteis associatedvith inputsof anothemactiity patternor with adata
repository

POESIA employs aggr@ation, specializationand instantiationof activity patternsto or-
ganizeandreusethe component®f processeasproposedn [157, 154. Thesemechanisms
determinehow processeganbe composedand adapted.Activity patterncompositionis de-
pictedby a hierarchicalgraph,whereintermediatenodesarecompositepatternsandleavesare
atomicor simplepatterns.Thelattermustbe specializeeforethey aredecomposed.

A hierarchyof actvity patternsj.e., of Web servicesjs calleda processramevork Each
actiity patternof aprocesgramanvork is associatewvith anontologicalcoveragethatexpresses
its utilization scopein orderto drive the selectionandreuseof componentsA procesdrame-
work mustberefined,adaptedo a particularsituation,andinstantiatedeforeexecution.POE-
SIA providessomerulesto checkthe semantiaconsisteng of procesdramewvorks andinstan-
tiated processedasedon correlationsof the ontologicalcoveragesof their constituents.For
example theontologicalcoverage®f all thecomponent®f aprocesgramenvork mustbecom-
patiblewith (encompassr beencompassebly) the ontologicalcoverageof the highestactiity
in thehierarchy

Let usillustratethesenotionswith asimpleexample.Figure3.6 presentasimplifiedframe-
work for agriculturalzoning. It shavs thatthe major component®f Agricultural Zoningare
CalculateClimate Attributesand DetermineLand Suitability. The former, which is composed
of CollectWeatherindicatorsandConsolidateClimateData, collectsweathemdatafrom avari-
ety of Webservicesandconsolidatesheminto the Web serviceof land climateattributes.The
activity patternDetermineLand Suitability takes the climate attributes,alongwith otherdata
relevantfor onespecificcrop,to determinghe mostappropriatdandsfor thatcrop.

This framavork appliesto the zoning of any crop. To obtain instantiatedprocessegor
specificcrops,onemustadaptthe constituentctiities to the peculiaritiesof thatcrop. For ex-
ample,therelevantervironmentalconditionsfor zoningcoffee (discussedn Section3.2.1)are
differentfrom thosefor zoningrice. ThusDetermineLand Suitability andits two constituents
mustbe specializedor eachcrop. In addition,a specificactivity mustbe definedto assesgach
relevantervironmentalconditionfor eachcrop. Onthe otherhand,the actwities thatcalculate
climateattributesdo notrequireadaptationasonegeneraM/ebservicecansupplyclimatedata
to several specificservicedor determiningland suitability for differentcrops. The ontological
coveragesassociatedvith the Web servicesenableautomatedmeansto checktheir compat-
ibility for compositionwith respectto their utilization scopes. This helpsdomainexpertsto
organizeandcomposehe servicemecessaryor their applicationsandfactortheir solutionsto
reducecostsaccordingto domain-specificonceptandreasoning.
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Figure3.6: Procesgrameawork for agriculturalzoning

3.4.2 Activity pattern

An activity patternis an abstractiorthat definesthe structureand behaior of a collection of
instance®f dataprocessin@ctiitiesimplementecasWeb servicesmuchlik e a classdoesfor
instance®f objects[154]. Activity patternsalsoresemblesoftwaredesignpatternd96] in the
sensethat eachactiity patternis designedo solve a well-definedcategory of problemsin a
particularutilization scope Definition 3.4.1depictsthe structureof anactiity pattern.

Definition 3.4.1Anactivity pattern « is afive-tuple:

(NAME,COVER,IN,OUT, TASK)

whee:

NAME isthestringusedasthenameof «
COVER istheontological coverage of o
i.e., expressests utilization scope
IN is thelist of input parametes of o
ouT is thelist of outputparametes of a
TASK describeghe processinghoresthat o does

NAME, COVER, IN,andOUT representhe externalinterfaceor signatue of the pat-
tern. T AS K specifieshebehaioral semantic®f theactvity patternincludingthecomposition
semanticandthe executiondependencielsetweercomponenpatterns.

Figure3.7 presentshetextual specificatiorof anactvity patternto determindandsuitabil-
ity for an arbitrary crop whose NAM E' is DetLandSuitability , ontologicalcoverage,
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#DEFINE RNA "http://www.agric.go v.br /rm a/p ub_docs"
ACTIVITY_PATTERN DetLandSuitability [Country(BR), Cons(RNA)]
INPUTS
ClimAttr: "RNA/clim_info.wsd";
Landsinfo: "RNA/lands_info.wsd";
Croplnfo: "RNA/crops_info.wsd";
OUTPUTS
Zoning:  "RNA/agric_zoning.ws d";
LOCAL
EnvCond: "RNA/env_cond.wsd";
BEGIN TASK
COMPOSITION

AssessEnvCond (IN:  ClimAttr, LandInfo, Croplnfo;
OUT: EnvCond);
ClassifyParcels(IN: EnvCond; OUT: Zoning);
EXECUTION DEPENDENCIES
AssesseEnvCond PRECEDESCIassifyParcels;
END TASK;

END ACTIVITY_PATTERN;

Figure3.7: Activity patternto DetermineLand Suitabilityfor anunspecifieccrop

COV ER, is [Country(BR),Cons(RNA)] , I.e., Brazil, accordingto the methodologyof
RNA,! theIN andOUT parameterarespecifiedasINPUTS andOUTPUTS, andTASK
is composeaf two actiity patterns- AssessenvCond andClassifyParcels —invoked
within DetLandSuitability . Thesecomponenpatternsareassumedo be declarecklse-
where.Figure3.7 alsoshows a few specialkeywords. The#DEFINE clausespecifiesanalias
for aURI thatis frequentlyusedin the patternspecification LOCALdeclaregheinternalvari-
ablesof the pattern. The delimitersBEGIN TASKandEND TASK enclosethe specification
of the TASK. COMPOSITIONenumerateshe constituentpatternsof a compositepattern.
EXECUTION DEPENDENCIESstablisheshe relative order of executionof the constituent
patterns. EXECUTION DEPENDENCIE&nd TASK DESCRIPTIONare optional. Another
exampleof taskdescriptions providedin Section3.4.4.

An actvity patternimplementedasa Web serviceis uniquelyidentifiedby the URI of the
siteholdingit, its name andits ontologicalcoverage All thedataexchangedy activity patterns
canbeviewedin XML. Eachparameters associateavith somedescriptionof the capabilities
of thecorrespondindVebservice-likethe.wsd (WebServiceDescription)ilesreferencedn

1RNA standsfor RedeNacionalde Agrometeoologia (National Agro-meteorologicaNetwork), a consortium
of Brazilianinstitutionslinkedto agriculturalresearch.
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Figure3.7. Theservicedescriptionsnustprovide links to DTD or XML-schemaspecifications
thatdefinethe typesof all dataelementghat canbe exchangedvia the respectre parameters.
Links aredefinedasURIs.

Thedescriptiorof eachactivity patternparametemcludesthedescriptiorof theinterfaceof
the serviceghatcanbe boundto that parameteto supportmoresophisticateddommunication
than just transferringpaclets of semistructuredlata. For example,the servicethat supplies
climatedatato DetLandSuitability , denotedby the parameteClimAttr , allows the
targetto posequeries(e.g.,OLAP operatorskpecifyingfilters andgranularitiedor the datato
be transferrede.g.,to getthe averagetemperaturen a certainregion for eachmonth). Note
that datafilters and granularitiescanalsobe expressedy ontologicalcoverages.This makes
POESIA ontologiescentralnot only asa meansof organizingdataand servicesbut alsofor
definingthe communicationnterfacesfor Web services. The designerof a processcanrefer
to publishedWeb serviceand schemadescriptionsor develop his own descriptiongto fulfill
specificdemands.This encouragestandardizatiorand at the sametime confersflexibility to
Webservicesanddatarepresentation.

The following subsectiongresentthe operationsor composingactvity patterns(imple-
mentedasWeb servicesyandsomerulesto checkthe semanticconsistenyg of thesecomposi-
tions. Thespecification®f actiity patternsandtheircompositiongFigures3.7,3.10and3.12)
arewrittenin alanguagehatwe aredevelopingfor this purpose Thislanguagdakesadwantage
of ontologicalcoveragedo describeprganizeandensuresemanticcorrectnessf Web service
compositions. Someaspectf our workflow specificationlanguage suchas synchronizing
mechanismsare outsidethe scopeof this work. In the future, we cansubstituteour language
for somestandardor Webservicexompositione.g.,WSFL[255], BPEL4WS[250]). We plan
to extendsucha standardvith ontologicalcoveragesandassociatedulesto expressthe com-
positionof Web servicespy aggreationandspecializatiorof the respectre actiity patterns,
emphasizindhe correlationf the services'utilization scopes.

3.4.3 Activity pattern aggregation

In POESIA, a comple actiity patternis definedas an aggreation of a set of component
activity patterns.A componenfactvity patterncanitself be a complec actiity patternor an
elementaryactvity pattern. Figure 3.8 shows the actwity patternDeterminelLand Suitability,
which is anaggreationof the actiity patternsAsses€nvironmentalConditionsand Classify
Parcels

Whendecomposingan actvity patterninto its constituentgor, corversely composingan
actvity patternfrom the components)we have to make surethatthereis no conflict among
namesand ontologicalcoveragesof the actiity patternsinvolved andthatall parametersre
connected.



3.4. ThePOESIAactvity model 54

aggregated | Determine

activity Land
pattern: Suitability
ﬁ aggregation
component Assess Classify
activity Environmental
. " Parcels
patterns: Conditions

Figure3.8: An aggreationof two actiity patterns

Definition 3.4.2Activity patterna is anaggregationof theactivity patternsgy, - - -, 5, (n > 1)
if thefollowing conditionsare verified(let 1 < i, j < n;i # j for ead condition):

1.V i : NAME(a) # NAME(S;) Vv COVER(e) # COVER(S;)

2.¥ B, B; : NAME(B;) # NAME(B;) Vv COVER(B;) # COVER(B;)
3.V B : COVER(a) = COVER(B;) V COVER(B;) | COVER(c)
4.¥p € IN(a) : 3 B; such that p € IN(B;)

5.V p € OUT () : 3 B; such that p € OUT(B;)

6.V 8, p € IN(B;) : p € IN(a) V (3 Bj such that p' € OUT(8;))

7.¥ Bi, p' € OUT(B;) : p' € OUT () V (3 Bj such that p' € IN(f;))

We call @ an aggregated(or composite pctivity patternand ead j3; a constituen{or com-
ponent)activity pattern.

Definition 3.4.2stateghatanactvity patterna is definedasanaggreationof n component
actvity patternssy, ..., 3, if they satisfythe abore-mentionedseren conditions. Condition1
saysthatthenameandthe ontologicalcoverageof eachconstituenpatterns; mustbedifferent
from the nameand coverageof the aggregjatedactiity pattern. Condition2 specifieshatthe
nameand coverageof a constituentactvity patterncanuniquelydistinguishitself from other
constituentpatternsof o. Condition 3 statesthat the ontologicalcoverageof the composite
patterna mustencompasthe coverageof eachconstituenpatterng; or vice versaj.e., thein-
tersectiorof their utilization scopess not null. Condition4 ensureghatevery input parameter
of a is connectedo aninput parametenf someconstituent3;. Similarly, condition5 ensures
thateachoutputparameteof « is connectedo anoutputparameteof someg;. Finally, condi-
tions6 and7 statethatall parametersf constituenpatternamustbe connectedo a parameter
of otherconstituenbr the aggreatedpattern.
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3.4.4 Activity pattern specialization

Thedescriptorf anactiity patterncanberefinedwhenspecializinghatactity patternfor a
particularsituation.Figure3.9illustratesa specializatiorof theactuity patternClassifyParcels
for thecropC. arabica

generalized Classi
- assify
act/wty. Parcels [Country(BR), Cons(RNA)]
pattern:
encompass
specialization @ generalization
v
specialized Classif [Crop(Coffee).Group(Arabica),
activity Parcelg Country(BR).Region(CS),
pattern: Cons(RNA).Inst(IAPAR)]

Figure3.9: A specializatiorof ClassifyParcels

The specializatiorof anactwity patterncanbe formally definedby relationshipssimilar to
thoseusedto definethe aggreyationabstraction.

Definition 3.4.3Activity patterng is a specializationof the activity patterna (corverselya is
a genenlizationof j3) if thefollowing conditionsare verified:

1. NAME(a) # NAME(S) Vv COVER(a) # COVER(f)
2.COVER(a) = COVER(f)
3.VpeIN(a):3p € IN(B) suchthat pt p’

4.¥p e OUT(a):3p" € OUT(B) such that p+ p'

We call o thegenerlizedactivity patternof g and 8 a specializedactivity pattern(version)
of a.

Condition1 of definition 3.4.3stateghatthe nameand/orontologicalcoverageof the gen-
eralizedactivity patterna. mustbe differentfrom thoseof its specializedsersions. Condition
2 statesthat the ontologicalcoverageof a mustencompasshat of 5. The notationp + p’ in
conditions3 and4 meanghateachparametep’ of 3 mustreferto aWebservicethatis arefine-
mentof the Web servicereferredto by the correspondingparametep of «. This refinemenof
Webservicescanreferto their capabilitiesor datacontents The exactrelationshipbetweerthe
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genericandthe refinedparameterss definedin the descriptionof the correspondingVeb ser
vices.Ontologicalcoveragesanbeassociatetvith theséWebservicedo expressandcorrelate
their utilization scopes.

#DEFINE IAPAR "http://www.pr.gov.br/ iap ar/ pub_docs"

ACTIVITY_PATTERN

ClassifyParcels [Crop(Coffee).Group(ara bic a),
Country(BR).Region(CS) .St ate( PR),
Cons(RNA).Inst(IAPAR)]

REFINES ClassifyParcels [Country(BR), Cons(RNA)]
INPUTS

EnvCond->WDI: "IAPAR/wdi.wsd";

EnvCond->AvgAT: "IAPAR/avg_at.wsd";

EnvCond->ProbHeat: "IAPAR/prob_heat.wsd";

EnvCond->ProbFreeze: "IAPAR/prob_freeze.wsd "
OUTPUTS

Zoning->Zon_Coffee: "IAPAR/zoning_coffee.w sd" ;
BEGIN TASK

DESCRIPTION

OVERLAY

IF WDI <= 150 THEN "OK" ELSE "Water restriction";
IF ProbHeat <= 30 THEN "OK"
ELSE "Thermal restriction”;
IF AvgAT <= 24 THEN"OK" ELSE
IF WDI <= 100 THEN "OK"
ELSE "Thermal restriction”;
IF ProbFreeze <= 25 THEN "Low risk of freeze" ELSE
IF ProbFreeze <= 50 THEN "Medium risk of freeze";
ELSE "High risk of freeze";
END TASK;

END ACTIVITY_PATTERN;

Figure3.10: ClassifyParcelsfor Coffeaarabicain Parara

Figure3.10shavsthe specializedrersionof the actvity patternClassifyParcelsfor Coffea
arabica, accordingto the methodologyof Parar& Agricultural Institute (IAPAR) [75], a mem-
berof RNA. The clauseREFINES indicatesthatthis patternis one specializatiorof the pat-
ternClassifyParcels with awiderscopeexpressedby [Country(BR),Cons(RNA)]
Eachparametedeclaredn thespecializedrersionis explicitly relatedto thecorrespondingne
of the generalizedoattern. The notationEnvCond->WDI indicatesthat the parameteMWDI
of the specializedversionis derived from the parameteEnvCond (the expectedervironmen-
tal conditions)of the generalizedsersionof ClassifyParcels . The otherinput parame-
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tersof the specificversionof ClassifyParcels alsoderivesfrom the genericparameter
EnvCond. The outputparameteZonCoffee of the specializedversionis a refinementof
theparameteZoning of the generalizedactiity pattern.The TASK DESCRIPTIONclause
overlayslogical conditionsinvolving the measurementsf the relevant environmentalcondi-
tionsfor thecrop.

3.4.5 The combinedrefinementmechanism

Theaggreationandspecializatiorof actiity patternsccanbecombinedo defineacomplec ac-
tivity patternwhoseconstituentslependon the utilization scopeto which the complex pattern
is specialized Thedefinitionof sucha comple activity patternmustconformto boththe con-
ditions of aggregationandthe conditionsof specialization Figure3.11illustratesa refinement
of theactvity patternAsses&nvironmentalConditionsfor C. arabica

Assess
Environmental

[Country(BR), Cons(RNA)]

Conditions
encompass
Specialization@ ﬁGeneralization
Assess [Crop(Coffee).Group(Arabica),
Environmental ——  Country(BR).Region(CS),
Conditions Cons(RNA)]
Aggregationﬁ
Estimate Assess Assess Asses
Water Water Air Freezing
Balance Deficit Temp. Risk

Figure3.11: Combiningspecializatiorandaggreyation

Specializatiorand aggr@ationof actiity patternsareintertwined. The specializatiorde-
tails the parameterandconstituentf a patternfor a particularutilization scope establishing
aflat view ataparticularabstractiorievel to expresshecooperatiorof the constituenpatterns.
Problemgelatedto parametepassing-typechecking parameteuniguenessanddisambigua-
tion — aresolvedby definingparametescopegust asin programmindanguagesa parametes
scopeis local to the specificatiorof activity patternwhereit is defined.

Figure 3.12 shaws the specializedversion of AssessenvCond (AssessEnvironmental
Conditiony. The input parametelClimAttr  appearsn both the generalizedand the spe-
cializedversion. The LandsInfo  parametenf the generalizedrersionunfoldsin Relief
andWaterRetSoil  in the specialization.Cropinfo  unfoldsin CropCoef andWater-
Demands. The outputEnvCond of the generalizedrersionunfoldsin WDI, AvgAT, Prob-
Heat , andProbFreeze . TheLOCALparameteWaterBal is usedto transferdatabetween
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ACTIVITY_PATTERN
AssessEnvCond [Crop(Coffee).Group(Co ffe a arabica),
Country(BR).Region(CS ), Cons(RNA)]

REFINES AssessEnvCond [Country(BR), Cons(RNA)]
INPUTS

ClimAttr: "RNA/clim_info.wsd";
LandsInfo->Relief: "RNA/relief.wsd";
LandsInfo->WaterRetSoi I:  "RNA/water_ret_soil.wsd ;
Croplnfo->CropCoef: "RNA/coffee_water_coef. wsd" ;
CropInfo->WaterDemands :  "RNA/coffee_water dem.w  sd";
OUTPUTS
EnvCond->WDI: "RNA/wdi.wsd";
EnvCond->AvgAT: "RNA/avg_at.wsd";
EnvCond->ProbHeat: "RNA/prob_heat.wsd";
EnvCond->ProbFreeze: "RNA/prob_freeze.wsd";
LOCAL
WaterBal:  "RNA/water_bal.wsd";
BEGIN TASK
COMPOSITION
EstWaterBal (IN:  ClimAttr,WaterRetSoi [,Cr opCoef ;
OUT: WaterBal);
AssessWaterDeficit (IN:  WaterBal,WaterDemands;
OuUT: WDI);
AssessAirTemp(IN: ClimAttr; OUT: AvgAT,ProbHeat);
AssessFreezeRisk (IN:  ClimAttr,Relief; OUT: ProbFreeze);

EXECUTION DEPENDENCIES
EstWaterBal PRECEDESAssessWaterDeficit;

(AssessWaterDeficit AND AssessAirTemp
AND AssessFreezeRisk)
PRECEDESCIassifyParcels;
END TASK;

END ACTIVITY_PATTERN;

58

Figure3.12: Asses&nvironmentalConditionsfor Coffeaarabicain Brazil's CenterSouth
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Determine Determine [BR, RNA] ...
Land Land f v
Suitability Suitability [BRCS, Coffee]
[BR.CS, RNA,
Coffea.arabica]
[BR.CS, RNA,
Coffee.canephora]
Assess : Assess :
Environmental glaa::sglfg Environmental g:rs;g
Conitions Conditions \ N
[BR.CS, RNA, [BRCS, RNA, ...
[BR. RNA, Coffee.arabica] Coﬂia.arablca]
Coffee, Orange] [BR.CS.SP,
RNA.Unicamp.CPA,
Coffee.arabical
- [BR.CS.PR,
Estimate Assess Assess Asses Estimate Assess Assess Asses | RNA.IAPAR,
Water Water Air Freezing Water Water Air Freezing | Coffee.arabica]
a Balance Deficit Temp. Risk p L_Balance Deficit Temp. Risk

Figure3.13: Hierarchiesof actvity patterndor determiningand suitability for Coffeaarabia:
(a) decompositiorhierarchy;(b) multi-fold hierarchyor procesgramevork

EstWaterBal andAssessWaterDeficit . The binding of theseparameterexpresses
the dataflow illustratedin Figure3.1. The clauseEXECUTION DEPENDENCIEStateshat
EstWaterBal precede#®\ssessWaterDeficit , andClassifyParcels initiatesafter
all the otherconstituent$iave finished.

3.4.6 Procesdramework

In POESIA, actiity patternscanbe definedin termsof otheractvity patternshroughaggre-
gationandspecializatiorof actiity patterns As aresult,a hierarchyof actvity patternscanbe
formed. We call sucha hierarchya processramework of therootactiity pattern.Figure3.13a
shaws a processramenork to determineland suitability for Coffea arabica, presentingonly
compositionsof actiity patterns.Figure3.13bextendsFigure3.13aby addingthe hierarchies
of specialization®f someactvity patternsin the hierarchy We saythata hierarchylik e that
showvn in Figure 3.13bis multifold becauseachof its actiity patterngnodes)canhave two
kinds of immediatesubordinatesits constituenpatternsandits specialized/ersions.

Definition 3.4.4A procesdramework is a directedgraph®(Vs, Fs) satisfyingthe following
conditions:

1. Vs is thesetof verticesof ®

2. Es isthesetof edgesof &
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3.V v € Vg : visanactivity pattern

—

4. (v,v") € Ep < V' constituent v V v’ specialization v
5. ® isacyclic

6. ® is connected

Definition 3.4.4 establisheghe structuralpropertiesof a processframework — a directed
graph®(Vs, Fs) whosenodesrepresenthe activity patternsandwhosedirectededgescorre-
spondto the aggr@ation and specializatiorrelationshipsamongthesepatterns. Condition 4
statesthatthereis a directededge(v, v') from vertex v to vertex v' in @ if andonly if v' is a
constituendbf v orv’ is aspecializatiorof v. Condition5 stateghatno sequencef aggreations
and/orspecialization®sf patternsn ¢ canleadfrom onepatternto itself. Thisrestrictionis nec-
essarybecausaggreationandspecializatiorcanintermingle. In sucha case,anaggragation
may breakthe gradualnarraving of the utilization scopesachieved by specialization.Condi-
tion 6 guaranteetheconnectvity of theactvity patterngarticipatingin the procesgramework
.

Adaptation of a procesdramework

A processramework captureshe possibilitiesfor reusingandcomposingNVebservicedo build
consistenprocessesor differentsituationsin termsof utilization scopesdatadependencies,
andexecutiondependencieamongcomponentsThe adaptatiorof a procesframenork for a
particularscopeconsistsan choosing(anddevelopingif necessaryfomponentso composea
procesgailoredfor thatscope.

Definition 3.4.5A processspecification IT(Vy;, En) associatedwith a utilization scopeex-
pressedby an ontolagical coverage C' is a subgaph of a processframevork satisfyingthe
properties:

1.V (v,v") € En : v' constituent v

2.Vve Vi -
(Av' € Vi such that (v,v') € En) = v is atomic

3.Yv e Vi : COVER(v) = C

Definition 3.4.5stateshata processspecificationlI is a subgraplof a procesdramenork.
Condition1 stateghatIT is a decompositiorhierarchy i.e., all its edgesreferto aggreations
of actwity patterns.Condition2 stateghatall theleasesof IT areatomicpatternsptherwisell
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would be missingsomeconstituentgor its execution.Condition3 ensureghatthe ontological
coverageof eachpatternparticipatingin IT encompassebe coverageC' associateavith I1, i.e.,
the intersectionof the utilization scopesof all the constituentof IT areequialentor contain
theutilization scopeof I1.

Refinementand adaptatiorof procesdramevorks canalternatein practice. Framevorks,
specificprocessesyr individual activity patternscanalwaysbe reusedo producenew or ex-
tendedframewvorks. Additionally, when adaptinga framework, the developmentof actity
patternsto contemplatespecificneedsalso contributesto enrichthe repertoireof specialized
patternsof aframework.

Procesganstantiation

Note that all the elementsof the POESIAmodel presentedibove are at the conceptualevel.
Thus, after adaptinga processframevork to producea processspecificationfor a particular
situation,this processhasto beinstantiatedor execution. Instantiatinga processspecification
IT consistdn assigningconcretéNeb servicesgo handlethe inputsandoutputsof eachactivity
patternof I1, allocatingsitesto executethe correspondingasksanddesignatingagentghumans
or programswith the appropriateabilitiesandroles)to performthem.

Thelocationof the concreteresourcesssignedo executea processs independenbf the
locationsof their descriptions.The selectionof the concreteresourcedo performthe process
during its instantiationconfersan extra level of executionindependencéo POESIA. Once
particularresourceshave beenassignedthe specificformats and protocolsusedto connect
them can be defined. This may be doneby using the binding mechanism®f Web services
specificatiolanguagesike WSDL [254].

POESIA metamodel

Figure 3.14 showvs the POESIA metamodelwhich is an extensionof the workflow reference
modelof the WfMC [123]. It summarizesin bold, our extensions:(1) associatenontological
coveragewith eachactvity pattern;and(2) associat@ resourcedescriptionwith eachport (pa-
rameter)of eachactvity pattern.A resourcalescriptionalsoincludesanontologicalcoverage
to describats utilization scope.This allows the organizationof a repertoireof actiity patterns
accordingto their utilization scopesand helpsto determinethe servicesfor reusein specific
situationsandtherulesto connecthem.
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Figure3.14: The POESIAprocesglefinitionmetamodel

3.5 Implementation issues

A numberof issuesareimportantin theimplementatiorof the POESIAapproacho Web ser
vicescomposition:(1) correctnes®f the compositionsemantics(2) mechanismé$or compos-
ing Web servicesthroughontology constructionand ontology reasoningand (3) an efficient
and scalableimplementationarchitecture. In this section,we discusshow POESIA handles
theseissues.

3.5.1 Checking specifications

Hierar chy of activity patterns

The aggregationsand specializationf actvity patternsmust be checled for the properties
expressedn definitions3.4.2and 3.4.3. The direct graphscorrespondingo processframe-
works mustbe agyclic andconnectedasstatedn definition 3.4.4. Furthermorethe conditions
expressedn definition 3.4.5mustbe checled whenadaptinga framework for a particularuti-
lization scope.

Figure 3.15 illustratesa processfor zoning C. arabicain Parara State. All the actity
patternsin this structure,startingwith its root, have compatibleontological coverages. The
ontologicalcoverageof Agricultural Zoningencompassetatof CalculateClimateAttributes
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Agricultural | (BR. RNA]
Zoning
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RNA, Coffee.arabica]
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Figure3.15: Zoning Coffeaarabicain Parara State

DetermineLand Suitability, andsoon. Theactuity patternEstimateWater Balancehasawider
coveragencludingcoffeeandorangej.e., the samepatternfor calculatingthe waterbalances
usedfor bothcrops.

Executionand data dependencies

Thecollectionof executiondependenciesmongactiity patterncanberepresentedh adepen-
deng graph.Figure3.16 presentthe dependenggraphfor the procesdramewnork for zoning
C. arabica It shaws thatthe executionof the activity patternConsolidateClimate Attributes
canbeinitiated only after successfullyfinishing the executionof Integrate Weatherindicators
or Extract WeatherIndicators, which provide data(from weatherstationsor remotesensing,
respectrely) for updatingthe climateattributes. WhenConsolidateClimate Data hasdoneits
work, EstimateWater Balance Assesir Tempeature, and Assess$-reezingRiskcanexecute
in parallel. The conclusionof EstimateWater Balancetriggersthe executionof Assesd\ater
Deficit ClassifyParcelscanonly startexecutingaftera successfuéxecutionof all the previous
actuities.

A similar dependeng graphfor the datadependencies inferred from the connectionof
parameteramidprocessramenorks. Thesewo graphanmustbecompatible Individually, these
graphsmustbe agyclic andconnected Propertiegelative to the structureandthe dynamicsof
the executionanddatadependencieamongactiity patternscanbe evaluatedwith algorithms
basedn PetriNetformalisms.For example,[235] proposesnalgorithmto translatevorkflow
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Figure3.16: Executiondependencieamongactiity patterngor zoningCoffeaarabica

graphsinto WF-Nets,a classof Petri Netstailoredto workflow analysis. The verification of
the propertiesof WF-Netsallows the automaticdetectionof designerrorsin the corresponding
workflow specifications.The absencef deadlocksn a workflow, for instance,is associated
with the soundnesgropertyof the correspondindPetriNet. Roughlyspeakingthe soundness
propertystateghatfor every reachablestateof the PetriNet theremustbe a sequencef steps
leadingto thefinal state.

3.5.2 ComposingWeb services: an implementation perspective

A POESIAWeb servicecan accessa collection of existing Web servicefunctioning as data
sourcedor its processesand publishits own processesnd datasetsas Web services. Each
POESIA-enabledVeb site organizests servicedescription,composition,andinterconnection
apparatusccordingto the representatiotayersof the SemantidNeb [80, 215]. In the bottom
layer, XML wrapping,sourcedataare corvertedinto XML, thusproviding a syntaxstandard
for semistructuredlatain the extensionallevel. The XML-related standardsonferversatility
andexpressiompower for representingndinterrelatingdocument®n the Internet. The second
layeris theschemasndprocessekyer It usesDTDsor XML schemdo representlatasetsat
theintentionallevel to factorthe problemsrelatedto dataheterogeneityPOESIAframewnorks
appearat the top of the secondayer and provide specificcriteria basedon utilization scopes
to selectservicesand checkthe semanticconsisteng of their connections. The third layer
is the semanticdescriptionlayer, which describeghe services,at a higher abstractionevel,
usingRDF statementandprocesslescriptiorstandardéike DAML-S [61, 14]. Theseresource
descriptionamustconformto metadatsstandardsndvocahularies,including domain-specific
ones. The vocalulary usedin thefirst, secondandthird layersis definedin the fourth layer,
which maintainsa dictionary The top layersof the SemanticWeb infrastructure— namely
logic, proof, andtrust— arenot contemplateét this moment.

POESIAservicesn differentsitescanbelogically arrangedn successie abstractiorevels.
Figure3.17illustratessuchasituation.Theprocesspecificatiorstoredin senerAis composed
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Figure3.17: The multi-tier distributedinfrastructureor compositionof Web services

of two cooperatingactiity patterns, X andY. Activity patternX accesseshe Web services
describedby B1 and B2 to take its inputs, processthem, and pushits outputsinto the Web

servicedescribedy B3 (considerthatB1, B2, andB3 arepublishedn sener B). ThenY takes
its datainputsfrom the Web servicesdescribedoy C1, C2, C3 (all publishedin C), andB3to

generatehe outputspushedn the Web servicedescribedoy A2 (maintainedandpublishedby

Alitself).

3.5.3 Architecture

Figure3.18presentshearchitectureof a peerto-peersite supportingPOESIAservicesputlin-
ing the communicatiorwith externalsitesandservicebrokers. The ServicesSpecificatiorilool
allowsthedomainexpertto build solutionsfor particulameeds.Thistool supportdrowsingthe
resourceswvailablelocally or remotelyin orderto discover componentso reuse.The descrip-
tionsandformal specification®f the local servicesarestoredin the Local Servicegepository
Oneservicemay encapsulat®neor moredatasets. The Local Data repositorymaintainsthe
dataandmetadatassociatedvith local services All the constituentof a servicespecification
storedin the siteareindexedby oneontologyof the Local Ontologiesrepository The External
ResoucesLocator providesaccesdo the descriptionsof externalresources.The Catalog of
External Resoucesfunctionsasa cachefor the descriptionsof externalresourcesrequently
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accessedeachlocal serviceandontologycanbe publishedandusedby externalWebservices.
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Figure3.18: Thearchitectureof a POESIA-enablegeerto peerWebsite

The ServiceExecutionEngineinterpretsthe servicespecificationgo properlymanagehe
correspondindgragmentf distributedprocessesA servicecanbeactivatedlocally or by some
externalconnection.A locally running servicecanalso activateremoteservicesto obtainits
inputs or sendits outputs. The External Connectiondvianager controlsthe communication
with remotecomponentandusersat runtime. It relieson the ExternalResoucesLocatorto
retrieve the descriptionsof externalresourcesvheneer necessaryThe thicker doublearrons
connectinghelLocal Datarepositorywith the Service€xecutionEngine andthelatterwith the
ExternalConnectiondManager, which s linkedto the ExternalResoucesGatewvay, represent
the dataexchangebetweena local serviceand remoteresourcesluring the executionof the
distributedprocessesA POESIAsite alsohastwo kinds of human-computeinterfaces. The
User Interfaceallows the domainexpertsto specify andactivate services;the Administiation
Interfacesenesconfigurationpurposes.

The architectureof a POESIA-enabledVeb site contemplateswo typesof external re-
sources:RemoteSitesand ServiceBrokers, thoughit doesnot rule out connectionswith other
kinds of resources.A RemoteSite hasthe internal structuredescribedfor our POESIA ite.
ServiceBrokers arespecialsitesthat catalogthe descriptionsof the resourceswvailableacross
theWebto supportthediscovery andselectionof resources.
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3.6 Relatedwork

The SemantidMeb[80, 215 intendsto extendthe capabilitiesof the currentWebto copewith
problemssuchasfinding precisenformationin thevastamountof resourceswvailableandsup-
porting interinstitutionalapplicationdik e electroniccommerce.The meansor achiesing this
are: standardgor expressingnachine-processabiaetainformatione.g.,RDF, DAML+OIL),
developmentand disseminatiorof terminologiesusing thesestandardge.g., domainontolo-
gies),andnew toolsandarchitecture®asedon this apparatuso build applicationeempavered
with semanticandautomatedeasoningapabilities POESIAreliesontheinfrastructureof the
SemantidVebto implementcertaintechniquesbasedn domainexpertise to organize select,
andreusedataandservicesn theWeh

The POESIAapproachto composéNeb serviceghroughactvity aggreyationandspecial-
izationwasinspiredby theneedsf ourapplicationdomainandis foundedby earlierwork done
in transactionafctivity modelingby Liu [157, 154], wherea setof mechanismsre proposed
andformalizedfor specificationandreuseof actvities. Otherresearchareasdirectly related
to POESIAarethe useof metadatandontologiesfor Web servicesdescriptiondiscovery and
composition[14, 61, 198 38, 166, 37], andworkflow techniquedor scientificprocessesnd
Webservicecompositio123,234, 235]. Descriptionf themeaningpropertiescapabilities,
andontologicalrelationshipsamongWebservicesexpressedn languagesk e DAML services
[14,61], supportmechanism#o discover, selectactivate,composeandmonitorWebresources.
Relatedwvork coversvariousaspectstangingfrom theoreticaktudiego implementatiorefforts,
from architecturassuedo conceptuamodels[124, 260].

ConcretelyPaolucciet al. [198] shav thatthe capabilitiesof registriessuchasUDDI and
languageslike WSDL are not enoughto support services discovery. They employ
DAML-S for this purposeand presentan algorithmto matchservicerequestswith the pro-
file of adwertisedservicesbasedon the minimum distancebetweenconceptsin a taxonomy
tree. Cardosoand Sheth[38], on the otherhand, presentmetricsto selectWeb servicesfor
composingorocessesThesemetricstake into accountfunctionalandoperationafeaturessuch
asthe purposeof the servicesguality of service(QoS)attributes,andthe resolutionof struc-
tural and semanticconflicts. Mcllraith et al. [166] useagentprogrammingto definegeneric
proceduresnvolving theinteroperatiorof Web services.Theseproceduresgxpressedn terms
of conceptgefinedwith DAML-S, do not specifyconcreteservicego performthetasksor the
exactway to useavailableservices.Suchproceduresireinstantiatedoy applyingdeductionin
the context of a knowledgebase which includespropertiesof the agent,its user andthe Web
servicesFinally, Bussleretal. [37] sketchanarchitecturdor WebservicesattainingSemantic
Webaspirations.

The groundingof Web servicesinvolves several abstractionayersbetweenthe semantic
specificatiorandtheimplementatiorf221]. Currentlythereis a myriadof proposaldor speci-



3.6. Relatedwork 68

fying Web servicescompositionin intermediatdayers,suchasWSFL (IBM), BPML (BPMI),
XLANG (Microsoft), BPELAWS (BEA, IBM, Microsoft), WSCI (BEL, Intalio, SARP Sun),
XPDL (WfMC), EDOC (OMG), andUML 2.0 (OMG). Theseproposalsoncernthe synchro-
nization of the executionof Web servicesin processesunning acrossenterpriseboundaries
[234, 20]. They build on top of standarddike XML, SOAP, WSDL, and UDDI, providing
facilitiesto interoperateand synchronizethe executionof Web servicesthat canusedifferent
dataformats(e.g.,heterogeneousML schemasandcommunicatiorprotocols(HTTP, XMTP,
etc.). Somechallengegor theseechnologiesreto (i) reduceheamountof low-level program-
ming necessaryor the interconnectiorof Web serviceg(e.g.,throughdeclaratve languages),
(ii) provideflexibility to establishinteractionsamonggrowing numbersof continuouslychang-
ing Webservicesduringruntime, and(iii) devisemechanism$or thedecentralize@dndscalable
controlof cooperatre processesunningonthe Weh

To illustrate the differencesbetweenour approachand Web service synchronizinglan-
guagesjet us considertwo of them: WSFL andBPML. The Web ServicesFlow Language
(WSFL) [255] is an XML languagedor the descriptionof Web servicescompositions.WSFL
considerdwo typesof Web servicescompositions Flow modelsspecifythe appropriatausage
patternof a collectionof Web servicesandhow to choreograptihe functionality provided by
a collectionof Web servicesto achieve a particularbusinessneed. Global modelsspecifythe
interactionpatternof a collectionof Web servicesdescribinghow component®f a setof Web
servicesnteractwith eachother POESIAcanbe seenasa value-addednethodwith anem-
phasison usingdomain-specifiontologieso guideandfacilitatetheinteractionamonga setof
Webservicesn termsof serviceutilization scopes.

The BusinessProcessModeling Language(BPML) is specializedin supportingcontrol
flows of businessprocesspatterns. BPML and POESIA sharethe sameobjectives of sup-
porting Web servicecomposition. The main differenceshowever, lie in the mechanismsnd
methodologyusedin theunderlyingframevork. BPML promoteghe useof controlconstructs
suchasmeige, split, multimerge, exclusive choice,andsoforth to facilitatethe compositionof
serviceswhereas®? OESIAcombineghe controllogic with domain-specifiontologieswith an
emphasi®n complex compositionsemanticat boththe datalevel andworkflow actwity level.

In summaryto the bestof our knowledge,currentproposaldocusmainly on businesgro-
cessesthereis alack of researcton supportingsemanticconsisteng for Web servicesefine-
mentandreuse.The POESIAapproactcontemplateshe demandof somescientificapplica-
tions. Furthermorejt addressethe semanticconsisteng issueby usingdomainontologies.
POESIA complementghe currenttechnologiedor Web servicesdescription,discovery, and
composition(includingapproachebasedn ontologiesfor describingservices|ike DAML-S)
in two ways. First, it providesmechanismso selectWeb servicesaccordingto their utilization
scopege.g.,servicesntendedor particularregionsandclasse®f products).Secondit enables
automateaneango checkif composition®f Webservicesaaresemanticallycorrectwith respect
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to thesescopege.g.,to determineif a Web servicefor estimatingthe waterbalanceof lands
coveredwith bushescanbe properlyincorporatedn a procesgo determindandsuitability for
coffee).

3.7 Conclusions

Many scientificapplicationsincludingagroenironmentakpplicationsuchasagriculturalzon-
ing, arebuilt by composingheterogeneoudatasourcesandservices.Large datasetsareorga-
nizedaccordingto time andspacedimensionse.g.,climatedatarely on time seriesof weather
dataand expectedwater contentin soil is measuredn spatialterms. Well-definedmetadata
preciselydescribingthe meaningof thesedatasetsarerequiredfor their correctcomposition.
Agricultural zoningis an applicationbuilt on scientificmodels(e.g.,the matchingof weather
datawith the plantmodelof growth andwaterrequirement®ver time) andhasvery high eco-
nomic impact. For example,governmentagenciesand financial institutionsuse agricultural
zoningto make decisionson policiesandloanapprovalsfor farmersthatwantto plantspecific
crops.

In this paper we introducedthe POESIAapproacho supportthe systematiccomposition
of Web services.lIt is foundedon domainontologiesin which the propertiesof the semantic
relationshipshetweentermsinducea partial orderamongthe termsfor eachdimensionof a
reality (e.g., space time, product). Currentontology engineeringools, suchas Pro&ge and
OntoEdit,canhelpto develop suchontologies.Usingtuplesof termsfrom theseontologiesto
expressand correlatethe utilization scopesof dataand services the POESIA activity model
definesactwvity patternghatspecifythe Webservicecompositiorandcommunicatiorchannels
thatlink theseservicegogether

POESIAcomplementgurrentproposaldor Web servicesdescription selectionandcom-
positionby usingdomainontologiesto (i) conceptuallyorganizevastcollectionsof services,
(i) uncover andselectdataand servicesaccordingto their utilization scopesand (iii) check
semantia@andstructuralconsisteng propertiesof compositionof Webservices We illustrated
the POESIA approachthrougha real applicationscenario:the agriculturalzoning of Coffea
arabicain the CenterSouthregion of Brazil.

On top of this foundation,we areinvestigatingfurther extensionsof POESIA. Knowledge
managemerdndkeepingtrack of dataprovenancean distributedprocessesanbe moreeasily
supportedvhenWeb servicesarebuilt from well-definedontologiesandthroughwell-defined
operationshasedon actiity patterncomposition. Precisedocumentatiorof dataprovenance
will be usefulin the evaluationof the quality and suitability of resultsfor mary applications.
A richersetof semantiaelationshipscanalsobe consideredo enhancd?OESIA capabilities
for expressingand managingthe utilization scopesof dataand services. Anotherconcernis
aspectof the synchronizatiorof Web services.Theseissuesare beingconsideredy several
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Web servicessynchronizatiodanguagege.g.,WSFL, BPELAWS,XPDL). POESIAs strength
is in handlingsemanticaspect®f Web servicescompositionusingdomainontologies.We are
investigatingextensiondo its activity modelto incorporatesynchronizatiormechanismsising
an existing proposal. On the one hand,our researctwill continueto be guidedby real-world

applicationssuchasagriculturalzoning. On the otherhand,the generalityand abstractiorof

POESIAmalkesit usefulto mary next-generationVeb service-basedpplications.
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Chapter 4

Using Domain Ontologiesto Help Track
Data Provenance

4.1 Intr oduction

Data provenancegalso called datageneal@y or pedigesd is the descriptionof the origins of
a pieceof dataandthe processby which it wasproduced33]. This problemhasbeenstud-
ied in a variety of settings,rangingfrom cooperatre processesvith dataexchangein several
formats,to chainsof views over relationaldatabase$or loadingdatawarehousesThe solu-
tions proposedn the literatureusuallyinvolve somekind of annotationor the “inversion” of
thefunctions/queriesisedto transformdata.

The Internetposesnew challengedor provenancetracking. The autonomyof the com-
ponentsand the multi-institutional natureof Web applicationsresultsin a profusionof data
contentsdemandingself-describinglatasets. Traditionalapproache$or trackingdataprove-
nanceyelying on detaileddescriptionsaandtight control of the datatransformatiorflow, cannot
be easily adaptedo the Weh Detailedinformation aboutdistributed dataprocessingn the
Web, suchas the queries/functionsisedto transformand move dataacrosssites, are often
unavailable. A bettersolutionin this contet is to build a generalframenork for provenance
tracking,including detailedanalysisof specificportionswhennecessarnandempathizingthe
semantic®f dataandprocesses.

POESIA (Chapter3) (Processefor Open-Endedsystemdor Information Analysis)is an
approachfor multi-stepintegrationof semistructureddatain anopenanddistributederviron-
ment. Inspiredby the needsof scientificapplicationssuchasagriculturalplanning, POESIA
combinesontologiesworkflows andactivity modelsto provide novel facilitiesfor dataintegra-
tion usingcooperatre servicesThisapproactpursueghevisionof theSemantidVeb[22, 215
and offers someconcretesolutionsfor dataintegration, servicecompositionand provenance
trackingontheWeh

71
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This paperfocuseson the POESIA ontologicalapproachfor estimatingdataprovenance.
Domainontologiedepictthesemantiaelationshipamongterms,groupedaccordingo differ-
entdimension®f onereality (e.g.,spacetime andproduct). Tuplesof terms,calledontological
coverages expresghescope®f datasetsandgranularitiesof datavaluesin severaldimensions
(e.g.,the spatialextents,periodsof time andproductshata datasetor valuerefersto). These-
manticrelationshipdetweenermsinducesa partial orderamongontologicalcoverages.This
orderis usedto correlatescopesandgranularitiesof data,enablinganestimationof dataprove-
nance.Themajorcontribution of this papers aframework for trackingdataprovenanceusing
ontologiego expresdatacontentsandtheeffect of chainsof dataintegrationoperation®ndata
sets. This framavork canachieve efficient andfine grain provenancerackingwith negligible
maintenanceost.

Theremainderof this paperis organizedasfollows. Sectiord.2 presentanagriculturalap-
plicationusedasarunningexamplethroughouthepaper Sectiond.3outlinesthefundamentals
of POESIAontologiesneededor provenanceracking. Section4.4 describeghe ontological
methodfor trackingthe provenanceof aggrgjatedvalues. Section4.5 analyzegypical opera-
torsfor dataintegrationandthe useof ontologiesfor dataintegrationandprovenanceracking,
from ageneraberspectie. Sectiord.6 discusseselatedwork. Finally, section4.7summarizes
contributionsandextensions.

4.2 Motivating Example

The probleminvestigatechereis the following: givena dataitem, whatwerethe original data
itemsandthe chainof dataprocessingtepsthat producedt? Let us examineareallife sce-
nario concerningdataintegrationin agriculturalapplications.Figure4.1(a)illustratesthe con-
solidationof weatheratathrougha hierarchyof intra andinter-institutionalrepositoriesEach
institutionhasa setof weatherstationgdatacollectingdevices),scatteredcrossts operational
area,to collectmeasurementsuchasmaximum,minimum andaveragetemperatur@andtotal
rainfall per hour Thesedataare maintainedn the repositorieof the institutionsthat collect
them.Thespatialandtemporalscope®f theinstitutionaldatasets(i.e., thelandparcelsandpe-
riods of time they cover) canoverlap. For example,institutionll operatesn alimited region,
while institution12 hasawider spatialscope Institution13 encompassasitsi3a andI3b .
Thedatawarehous®f consortiumC1 consolidateslatafrom 11 andl2 , C2from 2 andI3 ,
andC3from C1 andC2. This processingchemegroducegdatasetswith successiely broader
scopesaanddensersampling.The datagranularityin the upperlevels canbe eitherthe sameor
coarsetthanthe granularityof the sourcedata(e.g.,from anhourly to a daily basis). The data
at the lower levels tendto be more detailedand precise(but not necessarilyaccurate)while
the dataat the higherlevels usually corvey more abstractionsincethey refer to increasingly
broaderscopesTypical operationgo producesuchaggreationsof the sourcedatacanbe seen
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Figure4.1: Integratingdatasetsin mary steps

asvariationsof the basicdatacubeoperationsuchasslide,dice,roll-up, anddrill down.

Figure4.1(b) givesa generalview of the step-wiseintegrationof weatherdata. First, the
raw datacollectedby the weatherstationsof eachinstitution aregatheredreviewedandstored
astemporalseries.Then,aggreationof historicaldatafrom eachweatherstationgenerateshe
climate attributesfor that particularpoint on the earthsurface(e.g., averagetemperatureand
rainfall per month). Datawarehousegsuchasthosein C1, C2 and C3) offer unified access
to climateattributesoriginatedfrom several sourceswith aggregationandinterpolationfacili-
tiesfor recovering consolidatedlata— typically OLAP to selectandaggregatedataover time
andspaceandinterpolationsto producemapswith estimationsof the distribution of climate
measurementacrossthe lands. Finally, applicationssuchas agriculturalzoning (Chapter3)
integrateandfuse datataken from thesewarehousesamongothersourcesto derive otherrel-
evantinformation. Most of theseapplicationsneedto understandhot only the semanticof the
dataused but alsotheir provenance.

Figure 4.2 shaws the starschemaof the datawarehousesisedin casestudiesthroughout
this paper The Climatedatawarehouséasa datatablewith the valuesof maximum,minimum
andaveragetemperaturendtotal rainfall, organizedby the dimensionf territorial divisions,
time, productsandorganizationsThe Cropsproductionwarehousenaintainsthe plantedarea,
production,unit and monetaryvalue, for eachcounty monthand crop produced. Notice the
similarities betweenthe respectre dimensionsof thesewarehouses.The following sections
shaowv how to representhesedimensionsn anontologyandthe useof suchanontologyto help
trackdataprovenance.
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Figure4.2: Agricultural datawarehouses(a) climateattributes;(b) cropsproduction

4.3 POESIA Ontologiesand Ontological Coverages

Figure4.3 shows the spacedimensiondescribedn a POESIAontology The directedagyclic
graphin the left, called an arrangementof concepts formalizesthe semanticrelationships
amongheterritorial subdvisionconceptsTheedgesepresentingPART _OF relationshipsave
ablackcircle closeto thespecificconceptandtheedgegepresentingS_A relationshiphave a
diamondcloseto thecomponentoncept.Thisgraphdenotegshata Country iscomposeaf a
setof States or, alternatvely, asetof Country Regions . A Country Region maybe
aMacro Region , anOfficial Region or anotherkind of region. Macro andOffi-
cial Regions arecomposedf States , butaregion of typeMetro Area is composed
of Counties . Eco Region andMacro Basin defineotherpartitionsof spacepasedon
ecologicalandhydrologicalissuesyespectrely. Thearrangementf conceptgrovidesa gen-
eral framework, beinginstantiatedby arrangementsf terms. The middle part of figure 4.3
illustratesa subgraplof thearrangemendf territorial subdvision conceptsAn arrangemenif
termsinstantiatedrom theseconceptss representetly the directedagyclic graph(in this case
a hierarchy)on theright side. TherearealsoSYNONYM relationshipsot representech the
figuredueto spacdimitations(e.g.,BRcanbeusedasasynorymto Brazil ). Aninstantiated
term needto be qualifiedwith the correspondingoncept,n orderto avoid ambiguity Thus,
State(RJ) refersto the stateRio de Janeirowhile County(RJ) refersto thecountyof the
samename.

Similarstructureslescribeconcept@andinstantiatedr instancializedermsfor otherdimen-
sions(suchastime andproducts).The arrangementsf conceptsaandtermsfor all therelevant
dimensiononstitutesa POESIAontolagy. A tuple of termsfrom a POESIAontology called
anontolagical coverage, candescribehescopeof adatasetor thegranularity of anaggreyated
value. For example,[State(RJ),Crop(orange),Year(20 02)] restrictsthe scopeto
the intersectionof the spatial,crop and temporalscopesdefinedby the termsState(RJ)
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Figure4.3: The spacedimensionof a POESIAontology: (left) arrangemendf concepts(mid-
dle andright) a compatiblearrangemendf terms

Crop(orange) andYear(2002) in amultidimensionalkpace.The ontologicalcoverage
[State(RJ),State(SP)] , on the otherhand,denoteghe union of the spatialscopesex-
pressedyy the two terms,becauséoth refer to the samedimension. To narrav the scopein
a particulardimensionone hasto choosea more specificterm (e.g.,go from State(SP) to
County(Ubatuba) ).

Thesemantiaelationshipsepresenteth POESIAontologiesnducea partialorderamong
ontologicalcoverageghat we call semanticencompassinge.g.,country Brazil encompasses
stateRio de Janeiro,denotedby [Country(Brazil)] = [State(RJ)] . Furthermore,
[State(RJ)] = [State(RJ),Year(2002)] and[State(RJ),State(SP)] =
[State(SP)] . Two ontologicalcoveragesreequivalentif they referto thesamescopge.g.,
[Country(BR)] = [Country(Brazil)] . A datasetor item canbeassociateavith an
ontologicalcoverageexpressingts scopeandanotheroneexpressinghe minimumamongthe
granularitiesof its components.The scopeof a datasetor item mustencompasshe scopes
of its componentsandits minimal granularity The scopeof a datavalueis equivalentto its
granularity We canshaw, for a limited setof semanticrelationshipsbetweenterms,thatthe
encompassingelationshipis reflexive and transitve. A more formal treatmentof POESIA
ontologieswith demonstrationsf their propertiescanbefoundin Annex I.

4.4 Ontological Estimation of Data Provenance

Let usconsidertheunionof datasetsin datawarehousesThe ontologicalcoveragesiescribed
in the previous sectioncanexpressthe scopeof the datasourcesandof the resultingdatasets.
Figure4.4(a)illustratesthe dataflow for the consolidationof crop productiondata,involving
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Figure4.4: Theuseof POESIAontologies:(a) scopeof cooperatingservicesyb) thelevel of
granularityof anaggreyatedvalue

cooperatingnstitutionsandconsortia.The scopesf the datarepositoriesaredescribedoy the
ontologicalcoveragesattachedo the nodes.For instancejnstitution |1 maintainsdataabout
the productionof grainsin the centersouthregion of Brazil during the year 2002, while 12
is concernedwith the productionof fruits in the whole of Brazil during the sameyear The
informationflow, indicatedby thearravs, shavsfor examplethatthedatasetof consortiumC1
consolidateslatafrom 11 andlI2 , in ascopeencompassinthoseof its sourcesthe production
of food in Brazil during2002.

The provenanceof anaggreatedvaluein a nodecanbe estimatedy analyzingthe scopes
of thedatasource®f thenode.The potentialsourcesfor eachdimensionarethosewhoseon-
tologicalcoverageoverlapgencompasses is encompasseily) thecoverageof theaggreated
valuein thatdimension.For example,considerthe averageproductionof orangein Sao Paulo
Stateduring2002. Figure4.4(b)shavs how the ontologicalcoverageexpresseshe granularity
of the aggregatedvalue, by indicatingspecifictermsin differentdimensionsof a POESIAon-
tology. Eachtermwhosesemanticverlapsthe ontologicalcoverageof the aggreatedvalue
is surroundedy arectangle.

Figure4.5illustratestheidentificationof the potentialdatasourcedor differentdimensions.
It shavsthearrangementsf conceptgor thespaceandproductdimensionswith pointersasso-
ciatingthedatasourcego thetermsusedto expressheirscopege.g.,C3is associateavith BR
becausets ontologicalcoveragerefersto Country(BR) ). Then,provenancedrackingin one
dimensionreducedo collectingthe sourcesassociatedvith all the ancestoranddescendants
of thetermsexpressinghe coverageof the aggrgatedvaluein thatdimension.Figure4.5(a)
highlightsthe potentialsourcesn the spacedimension.For instance source<3, C1, C2 and
12 are candidatedecauseheir ontologicalcoveragesrefer to Country(BR)  and Coun-
try(BR) = State(SP) .l4b is alsoa potentialsourcebecausets ontologicalcoverage
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Figure4.5: Potentialdatasourcesn differentdimensions(a) spaceb) product
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refersdirectly to State(SP) . If therewereothersourcesassociatedavith the descendantsf
State(SP) they shouldalsobetakeninto accountl3 andl4a arenotpotentialsourcede-
causethey referto nodesoutsideof the closureof ancestoranddescendantsf State(SP)
Figure4.5(b)showns the samemethodappliedto the productdimension.A similar analysiscan
bedonefor thetime dimension.

The potential sourcesfor an aggrgyatedvalue are thosefiguring as candidatesn all di-
mensionscontributing to its ontologicalcoverage. Figure 4.6(a)illustratesthe conclusionof
the ontologicalestimationof the dataprovenance.The table on the left side shavs that only
Cl1, C3 and 12 figure as potential sourcesin all dimensions. Figure 4.6(b) highlights the
relevant flow for the aggreatedvalue considered. The granularity of that value, expressed
by [State(SP),Crop(orange),Year(20 02)] , canbeusedto selectthe specificdata
itemswhich may have beenusedto calculatethe aggreation. This methodgivesonly an es-
timation of the dataprovenancebecausehe overlappingof the scopesf the datasourcescan
leadto alternatve pathsfor supplyinga particulardatavalue.

4.5 Ontological Netsfor Data Integration

An ontolagical netfor dataintegration is an infra-structurefor consolidatingand fusing data
throughdistributedcooperatre processesyherethe descriptiondiscovery andcompositionof
datasetsandservicesarebasedon domainontologies.In orderto betterexplain this concept,
let usanalyzethe basicoperatordor dataintegrationin cooperatre geographicaépplications
andtherole of domainontologiesn this context, from a higherlevel perspeciie.
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Figure4.6: Appraisingdataprovenance(a) contrastingdimensions(b) estimatediataflow

4.5.1 Data Integration Operators

The POESIAapproactclassifiesthe operatorgypically usedfor integratingdatain coopera-
tive geographicahpplicationsin threecateyories: combinationof datasets,filtering dataand
transformingdatavalues. Figure 4.7 presentssomeexamplesof the operatordor combining
datasets.Theunion operatorcollectsdataitemsfrom two datasourcesnto a compositedata
set,whoseschemamatcheshoseof the sources.In figure 4.7(a), dataaboutthe production
of fruits in Brazil during 2002is unitedwith anotherdatasetaboutthe productionof fruits in
the CenterSouthregion of the country between1997 and 2001, generatinga datasetwhich
coversthe productionof fruits in Brazil from 1997to 2002. The merge operatorrelaxesthe
semantic®f the unionoperatorby allowing slightly differentsemi-structurediatasourcesand
userinterventionto solve conflicts. Figure4.7(b) shovs an exampleof meging two heteroge-
nousdatasets,into a semi-structuredlataset, whoseschemas a compositionof the source
schemasTheunion andmerge operatorgproducedatasetswhosescopeencompassasose
of the datasources.Theresultmay containdatawith the granularitiegpresentin bothsources.
Additionally, POESIAontologieshelpto identify conflictson meging datasetsin theabsence
of a commonkey. Dataitemsfrom differentsourcesbut with equivalent utilization scopes
arecalledsemanticallyidentifiablematthes Thesematchesareconvertedinto oneitemin the
target, usingheuristicsand,if necessaryserinterventionto solve conflicts. For example,one
candetectdiscrepantwaluesbetweendataitems (from differentsourcesyeferringto the same
product,at the sameplaceandtime, by looking for equivalenceof their ontologicalcoverages
in all thesedimensions.The heuristicsto choosethe mostaccuratevalueamongthe matches
canbe,for example,usingthe valuecomingfrom the datasourcewith betterreputationor the
valuethatfits betterin thetypical distribution for thatvalue.
The intersection operatoremploys heuristicsto producedataitemsin the target for
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Figure4.7: Combiningdatasets
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eachpair of matchingitems from the two datasources. The schemaof the target can be
the union or the intersectionof the sourceschemasgdependingon the matchingdataitems.
Figure 4.7(c) shows the intersectionof two heterogeneoudatasetsaboutcrop production.
Thematching operatoris similar to theintersectionput allows userinterventionto analyze
matchesanddefinethetargetschemakFor example,onecanidentify thatTotal  rainfall

in Source 1 matchesPrecipitation in Source 2, definethe correspondingargetat-

tribute and choosethe datavaluesto put in the target. Figure 4.7(d) shavs the matchingof

two heterogenousource®f weathemata.For intersection andmatching , thescopeof

thetamgetdatasetis the intersectiorof thoseof the datasourcesandthe minimumgranularity
providedby thetametis the maximumamongthe minimumgranularitiesof the sources.

Thedifference andthe subtraction operatorgeturnthedataitemsof thefirst data
sourcewhich do not have a matchin the secondsource.Theresultingschemadervesfrom the
schemaof thefirst datasource.The differencebetweertheseoperatorss thatsubtraction
allows heterogeneouschemasand userintervention. Figures4.7(e)and4.7(f) illustrate the
applicationof theseoperatordo climate datasets. For both operatorghe scopeandthe mini-
mumgranularityof thetargetis givenby subtractinghe scopeandminimumgranularityof the
seconadsourcefrom thoseof thefirst one.

Figure4.8illustratesthe operatordor filtering datasets:projection andselection
Theseoperatorskeepthe semanticof the correspondingelationaloperatorsj.e., projecting
attributesor selectingdataitemsaccordingo somepredicaterespectrely. Projectionpreseres
the scopeof the sourcein the target (figure 4.8(a)),while selectionmay not. If the selecting
predicatestipulatesfiltering on a term definedin a POESIA ontology the restrictedscopeof
thetargetcanbe determinedy thatterm (figure 4.8(b)). However, it is not straightforvard for
filtering on valuesof the datatable(figure 4.8(c)).

Figure4.9presentsheoperatorghattransformdatavalues.Theaggregation  calculates
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Figure4.9: Transformingvalues

coarsggrainmeasurementsom datain finnergranularities Figure4.9(a)illustratestheaggre-
gationof crop productiondatafor eachmonthand countyinto the respectre valuesfor each
yearandstate.Theinterpolation estimateghe continuoudistribution of measurements
from discretesamples Figure4.9(b)illustratesthe interpolationof averagerainfall samplego
producea map expressingthe distribution of this measuremenacrossthe lands. The con-
version employs userdefinedfunctionsto corvert data(e.g., from one measurementnit
into another).Figure4.9(c)illustratesthe corversionof rainfall measurementsom inchesto
millimetersandmeasurementsf averagetemperaturefor the samescope from Fahrenheito
Celsiusdegrees. Finally, the fusion  operatorcombinesvaluesfrom differentdatasources,
whoserespectre scopesnatcheachother into anothemeaningfulmeasuremengccordingto
userdefinedfunctions.Figure4.9(d)illustratesthe synthesisof the freezingrisk from the min-
imum temperatur@ndaltitude. All theseoperatorpresere the scopeof thedatasetsthough
only aggregation  andinterpolation impactthe datagranularity

4.5.2 Data Reconcilingthrough Articulation of Ontologies

POESIAontologieshelptheintegrationprocesswith respecto datascopesndgranularitiesas
discussedn section4.5.1. Generalandapplicationontologieshelp to investigatehe semantic
correspondencemmongheterogeneoudataitemsandindex librariesof dataconversionfunc-
tions. Somedecisionsmadewhenintegratingdatamustbe annotatedin orderto explain the
relevantdetailsof dataprovenancehatcannotbe capturedoy ontologicalcoverageslone.

Let usconsidettheintegrationof two heterogenoudatasetsof weathermeasurementsom
distinctinstitutions,in a particularportion of a cooperatre process.The schemdor the semi-
structureddataof eachdatasetcanberepresentedsadirectedgraph(e.g. XML). ThePOESIA
approaclenricheghesegraphswith metadatalescribinghe dataelementsandusesontologies
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to expressthe propertiesof theseelementsandinterrelatethem. Theseenrichedschemasre
themseles specificontologies. Thus, ontologiesarticulation[183] canbe usedas a basisto
integratedatasources.Figure4.10illustratesthis approach.The two graphsat the bottom of
the figure describethe datasourcesthe graphat the top representshe tamget datasetandthe
dottedanddashedinks betweemodesof thesegraphsrepresenthe articulationrules,i.e., the
dataflows from the sourcedo thetarget. Thesearticulationsshow, for example thatthevalues
of latitude andlongitudefrom the sourcein the left-bottom cornerof the figure, represented
in degreesminutesandsecondsnustbe corvertedinto degreesanddecimalsof degreesto be
insertednto thetamet.
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Figure4.10: Reconcilingheterogeneoudatasetsby ontologiesarticulation

45.3 SemanticWorkflows

Semantiavorkflowsarecooperatie processunningon ontologicalnets. Theseprocessesm-
ploy dataintegrationoperatorsaccordingto ontologiesarticulations.POESIAontologiescon-
tributeto renderageneralview of whatis goingonin theseworkflows, by expressinghescopes
andgranularitiesof the datainvolved. Figure4.11(a)illustratesthe integrationof weatherdata
from differentinstitutions. Eachserviceis characterizedy its scopeandthe minimumgranu-
larity it supportdor datarecovery. For example theINMET (Nationallnstituteof Meteorology)
collectedweatherdatasamplesacrossBrazil in the periodbetweenl931and2002. The mini-
mumtime granularityfor the datasuppliedby INMET is month. The ultimaterecipientof data
in this cooperatre processis the RNA Warehouse (National AgrometeorologyNetwork),
which canprovide weatherandclimate dataaboutvirtually any placein Brazil. Thetemporal
scopeof theweatherdatasuppliedoy theRNA Warehouse is 1892to 2002andtheminimum
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granularitysupporteds day The granularityfor eachdataitem dependn the sourcesf that
item. Figure4.11(b)illustratestherole of the RNA Warehouse on supplyingclimatedatato

determindand suitability for differentcrops. The scopeof the sub-processef®r determining
landsuitability for coffeeandrice mustbe compatiblewith the coverage®f therespectie sub-
setsof climateattributesrecoveredfrom the RNA Warehouse (see(Chapter3) for details).
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Figure4.11: Ontologiesasa framawork for estimatingdataprovenance:(a) scopesand mini-
mum granularitiesof cooperatingservices;(b) the useof the integrateddataby differentpro-
cesses
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4.6 RelatedWork

The traditional solutionsfor tracking dataprovenance someof which considergeneraldata
formatsandprocessingemploy metadatdo annotatehe processindnistory[146, 31, 149, 23].

However, thesesolutionsdo not scalewell to large datasets,long processinglows andfine
grainedprovenance.Many other studieson dataprovenanceare limited to views definedby
guery operationson databasesgalling this restrictedproblemlineage tracing Woodruf et
al. [251] introducethe conceptof inversequery, which mapsan outputto the dataitemsused
to producethat output. They definethe classof functionsadmittinginversionandthe concept
of weakinversionto estimatethe lineagefor a wider classof functions. However, they do not
show how to determingheinversequeriesput expectthedatatransformatiordefinerto provide
them.

Cuietal. [55, 57] definethelineage of theresultof arelationaldatabasegueryasthe mini-
mal setof tuplesnecessaryo producethatresult. They presentanalgorithmfor tracinglineage
over chainsof aggregate-select-project-joi n views. Their approachis basedon
theinversionof theview definitionandrequiresmaterialization®f original relationsandinter-
mediateviews. [56] generalizegheir previousresultsfor graphsof generatransformationsised



4.7. Conclusions 84

for loadingdatawarehousesNeverthelesstheir methodsare built uponsomeconstraintsand
specificinformationaboutthe sourcesandtransformationemployed,andrequireconsiderable
storagefor intermediateesults.

Buneman33] distinguishesbetweernwhy provenanceandwhere provenance The former
refersto the dataitems which have someinfluenceon the result (e.g., which determinethe
logical value of a predicateusedto selecttuples). The latter refersto the items effectively
usedto synthesizehe result(e.g., multiple valuessummedup to obtainan aggreatedvalue
like average). He provides a framework to track both kinds of dataprovenancefor specific
classe®f select-project-join-union queriesin adatamodelgeneralizingelational
and hierarchicaldatarepresentationsuchas XML. Galhardaset al. [95] presentsomedata
lineagefacilities coupledto a datacleansingschemebasedn a graphof transformationsvith
exceptionsmanagemento supportthe refinementof the cleaningcriteria. Fan [77] provides
algorithmsto tracedatalineagein automaticallyreversiblesequencesf schemacorversions,
employing the hypergraphbasedhigh level datamodelandthe functionalquerylanguageof
the Automedsystem.

Thereforegcurrentapproachesithersupporfjustcoarsegrainprovenancerackingor rely on
detaileddescription®f thedatasourcesandthedatatransformationspplied(e.g.,schemasnd
gueryexpressions)makingthemunfitin mary situationsor cooperatie systemsovertheWeh
Furthermoretheseapproachefack abstractiormechanismso enablea generalunderstanding
and exploration of the information flow. To the bestof our knowledge, domainontologies
[233, 110,182 hasnot beenyet exploited asa framework for trackingdataprovenance.This
paperhasshovn thatsucha solutioncaneliminatesomeof theseshortcomings.

4.7 Conclusions

Dataprovenancdrackingis becomingncreasinglyimportantasmoreon-line datasourcede-
comeavailable. Thispaperhasshovn how domainontologiesareusedin POESIAasabasisfor
trackingdataprovenancen cooperatre processeswvolving dataintegration. POESIAemploys
tuplesof domainspecifictermsdefinedin multidimensionalontologiesto correlatethe scope
andgranularitiesof thetamgetdatawith thoseof thedatasourcesenablingthe estimationof the
dataprovenance.Additionally, POESIA ontologieshelp to semanticallyidentify matcheson
heterogeneoudatasourcesi.e., dataitemsfrom differentsourcegeferringto the samescope.
It helpsto detectandsolve conflictsamongheterogeneoudatasourcesandallow trackingthe
datatransformatiorflow acrosschainsof dataintegrationoperators.

The benefitsof this ontologicalmethodfor estimatingdataprovenanceare(1) aframewnork
for understandingataprovenancédasedn domainspecificconcepts(2) supportfor fine grain
provenanceracking;(3) precisionandconcisenestr expressinghe scopesandgranularities;
(4) coupling with a generalapproachfor dataintegration and servicescomposition;(5) the
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cost for maintainingthe infra-structurefor provenancetracking is sharedwith facilities for
catalogingdiscoveringandintegratingdataandservices.

This researchs focusedon the conceptualdefinition andformalizationof the ontological
approachor multi-stepdataintegrationand provenanceracking. Ongoingwork includesthe
implementationof prototypesto validatethe POESIA approachfor scientific applicationsin
agriculture, andconjugatingthe ontologicalschemewith othermethodsor provenancdrack-

ing.
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Chapter 5

Applying SemanticWeb Technologyin
Agricultural Sciences

5.1 Intr oduction

TheSemantidNVeb[22, 215 80]foresees new generatiorof Webbasedsystemstakingadwan-
tageof semantiaescription®of dataandservicedo enhanceherole of computerson support-
ing severalhumanactvities. Suchmachineprocessabl@escriptionsconformingto metadata
standardsareexpectedo boostinteroperabilityandenableautomatiareasoningn cooperatre
processemsideandacrossrganizationaboundariesNeverthelesstherearemary openques-
tionsrelative to the applicability, adequag and maturity of the SemanticWeb technologyfor
realworld applications.

In thelnternetera,scientificcommunitiehave beencreatingandaccessing myriadof data
setsandcomputationakervicesjn a diversity of fields suchasearthsciencesbio-informatics
andmedicine.Sereralapplicationgequirethe integrationof theseheterogeneoudatasources
andthe compositionof theseservices.Consequentlythereis a growing demandfor accurate
and efficient meansto search,recover and interconnecttheseresources. The development,
adaptatioranduseof SemantidVebtechnologiesor scientificpurposess a promisingrouteto
fulfill theseneeds.

Much researcteffort hasbeendirectedto SemanticWeb issues[80, 124, 63], including
thoseinvolving scientificapplications[224, 160,174,102,43]. However, very few domain-
specificstudieshave beenreportedto describethe engineeringhallengesthe domain-specific
usagesandthe impactof ontology structureand ontology size on systemdesignand perfor
mance.

POESIA (Processe$or Open-Endedsystemdor Information Analysis) (Chapter3) pur-
suesthevision of the SemantidMebto bring aboutsolutionsfor resourcesliscovery andcom-
position,interoperabilityof informationsystemsandtraceabilityof processeslnspiredby the

86
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needsof scientificapplicationssuchas agriculturalplanning, POESIA combinesdomainon-
tologies, workflows and activity modelsto provide novel facilities for multi-stepintegration
and processingdf semi-structuredlatain an openanddistributedenvironment. The founda-
tions of POESIAare (1) Web Serviceso encapsulateélatasetsandprocessesand(2) domain
ontologiesto organize recover anddrive the compositionof theseservicesaccordingto their
utilization scopeq(i.e., the situationsin which they canbe used). POESIAs mechanismgor
organizingandcomposingNVeb servicesusingdomainontologiesjncludingrulesto assurghe
semanticonsisteng of theresultingprocessesappeain (Chapter3). Theuseof thesedomain
ontologiesto track dataprovenanceand supportdataintegrationin POESIAis describedn
(Chaptend).

This paperfocuseson the engineeringchallengef developingandusingdomainontolo-
giesin POESIA.Thoughthecasestudyrefersto a particularscientificapplication- agricultural
zoning—theapproachs extensibleto otherdomainsandusefulin awide classof applications,
thatrequiredataintegrationand cooperatire work on the Weh In particular the paperpoints
out the obstaclesnetin loadingandutilizing domainontologiesin applicationprogramsand
describeghe solutionsadopted which wereimplementedn a prototype. Thesesolutionsin-
volve the extractionof ontology views— i.e., applicationrelevant partsof an ontology Rather
than forcing applicationsto deal with large, cumbersomentologies,the notion of ontology
views is adoptedo discoverandcomposeéNebresourcesandmanagingheresultingcoopera-
tive processesThe experimentgeportedn this papergive aninsighton the limitations of the
currentSemanticWeb technologyto dealwith ontologies,whenfacedwith real world appli-
cationsusinglarge datasets. Theseexperimentsshown thatthe combinationof SemanticWeb
standardsindtools with corventionaldatamanagementechniquesprovidesbetterscalability
thanthe solutionsbasednly on the SemantidNeh

Theremaindelof this paperis organizedasfollows. Section5.2 describeghe needsof sci-
entific applicationsoverthe Web,andparticularlyof agriculturalzoningprocessesSection5.3
describeshow the POESIA approachaddressetheseneeds. Section5.4 presentghe design
andimplementatiorof the ontologyfor the agriculturerealm. Section5.5 outlinesthe useof
this domainontologyto supportservicesdiscovery andotherfacilitiesin POESIA.Section5.6
reportssomeimplementatiorexperiencesnvolving the constructiorof ontologyviews andthe
useof theseviews to supportSemantidNVebapplications Finally, Section5.7 discusseselated
work andSection5.8 concludeghe paper

5.2 Motivation: Agricultural Zoning

This researchhasbeenmotivatedby the needsfor versatiletools to supportscientific appli-
cationson the Web, and more specificallythe developmentof decisionsupportsystemsfor
agriculture. Oneexampleof anapplicationin this domainis agricultural zoning— a scientific
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processthat classifiesthe land in a given geographicregion into parcels,accordingto their
suitability for a particularcrop, andthe besttime of the yearfor key cultivation tasks(such
asplanting, harnesting,pruning,etc). The goal of agriculturalzoningis to determinethe best
choicesfor a productve andsustainableiseof the land, while minimizing therisks of failure.
It requireslooking at mary factorssuchasregional topographysoil propertiesclimate,crop
requirementssocialandernvironmentalissues.

Typically, this kind of applicationinvolvesintricate dataprocessing@ctiities acrosddiffer-
entorganizations.Agricultural zoningrelieson datafrom a variety of heterogeneousources,
includingsensorshatcollectdataon physicalandbiologicalphenomenége.g.,weatherstations,
satellitesandlaboratoryautomatiorequipment) Thesedatamay be storedin legag/ databases
or filesin severalformats.

An agriculturalzoningprocesss built by cooperatiorof expertsfrom mary scientificand
engineeringlisciplines.Agronomistontributewith plantingtechniguesindcropmanagement
models. Biologists provide crop growth and nutrientrequirements.Statisticiangprovide risk
managemenanalysisfor potentialcrop failures(e.g., dueto severeweather). Thesepeople,
working in interinstitutionalteamsfor particularenterprisesbring togethertheir expertisein
severalfieldsto producecooperatie processesisinga variety of computationaplatformsand
dataanalysigtools.

Figure5.1presentanexampleof outputof anagriculturalzoningprocesslt shovsthesuit-
ability mapfor plantingshortcycle varietiesof soybeansgconsideringa specificclassof soils,in
the Brazilianstateof Goias. Themapin Figure5.1(a)classifieghelandsof the stateaccording
to theirsuitability for saving soybeansn thebeginningof Octoberandthemapin Figure5.1(b)
for sawing in the beginning of November Thesemapsresultfrom inter-institutionalcoopera-
tivework asdescribedgreviously. In orderto producethem,expertshadto combinedataonthe
climate,soils andtopographyof that state,andthe ervironmentalneedsof the soybeanplants
alongtheir developmentycle.

Experiencesn somesectorsof theBrazilianagriculturein thelastfew yearscorroboratehe
economicadwantagef adoptinga scientificapproacho agriculturalzoning[58]. However,
the currentagriculturalzoning processesre laborintensive, and consequenthyexpensve and
slow to developandrun. Thisis a seriousproblem,sinceit is anextremelyimportantissuefor
acountrywith avastterritory andmary commerciakropssuchasBrazil.

The problemsof sucha dataprocessingapparatusappliedto cooperatie scientificappli-
cationslik e agriculturalzoning becomemore apparentfrom the perspectie of the Semantic
Web:

1. Thereis a growing demando publish,browseandinterconnectiatasetsand processes
ontheWeh

2. Web-basedystemdack semanticsupportfor discovering,selectingandinterconnecting
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[ ] Favorable [] Favorable
[] Intermediate [] Intermediate
B Unfavorable [l Unfavorable

(a) Planting in October 1% — 10" (b) Planting in November 1% — 10"

Figure 5.1: Suitability mapsfor planting soybeansin Goias (Sources: Embrapa/CNPSo,
DNAEE andINMET)

the available resources.In orderto facilitate thesetasks,the resourceshouldbe de-
scribedaccordingto domainspecificknowledge. Suchsemantiadescriptionsould also
contribute to datacleansing ntegrationandaggreation, which occurin multiple steps
acrosdistributedcooperatre processes.

3. Theprocessethroughwhich datapassarerarely documentedEvenwhendocumented,
the specificationgroducedare eithernot genericenoughto give a generalview of the
processesr notformal enoughto allow the automaticrepetitionof theseprocessesvith
differentdata.

4. Thereshouldbe somemeando track dataprovenanceacrossheseprocessesq,e., deter
minetheoriginal datasourcesaandtheway datawereobtainedandprocessed.

Thefollowing sectionoutlinesthe POESIAapproacHor copingwith thesgoroblemswhich
is basedbn combiningontologieswith workflows. We point out thattheseissuesarenot partic-
ularto agriculturalzoning.Indeedthey arecommonto a wide rangeof domainsasmentioned
in the introductionof this paper Our solutioncanbe generalizedo otherdomains,provided
thattheappropriateontologiesareused.



5.3. SolutionContet 90

5.3 Solution Context

5.3.1 The POESIA Approach

Thefoundationof the POESIAapproachChapter3) is the useof a domainontologyfor mul-
tiple purposesn inter-enterpriseprocesseshat gather integrate,transformand analyzedata.
Figure5.2illustratesthe centralrole of the domainontologyin sucha cooperatie process.A
domainontology depictsthe semanticrelationshipsamongtermsof a knowledgedomain. In
POESIA,termsaregroupedaccordingto differentdimensionf onereality; in the agriculture
domain,geographispaceandcropsareexamplesof dimensionsTuplesof terms,calledonto-
logical coverages expressthe utilization scopef Web Serviceghatencapsulatdatasetsand
dataprocessingactiities (e.g., the spatialextent andthe cropsfor which a particularservice
is intended).Ontologicalcoveragesere asconcisedescriptorof resourcedasedon domain
specificknowledge. The semantiaelationshipsamongthe termsof the ontology particularly
relationship=of the type IS_A and PART_OF, inducea partial orderamongontologicalcover
agestherebyensuringthe possibility of:

Ontological
f Reference i

Data Sources Inter-Enterprise Processes Information Analysis
s N —~ ~~ ~

@%Q

Figure5.2: Themultiple rolesof adomainontologyin the POESIAapproach

automationof meango supportthe discorery and compositionof Web ServicegChap-
ter3);

estimationof dataprovenanceacrosdistributedcooperatie processefChapterd);

detectionof correspondencemmongheterogeneoudataitems, for dataintegrationpur-
posesphasedn semantiaelationshipsbetweertheir ontologicalcoveragegChapterd);
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5.3.2 POESIA OntologiesasWeb Sewvices

POESIAontologiescanbe publishedandlooked up throughWeb Services An ontologysener
encapsulatesntologiesfor differentdomains(e.g., agriculture,biology, biotechnology),and
providesaccesandadaptatiormeango allow severalapplicationgo usetheseontologies.The
sharingof ontologiesamongapplicationprogramsenableenactmenof cooperatre workflows
thatuseresourceslistributedacrosshe Weh

Figure5.3illustrateshow ontologiesmay be encapsulatedithin an ontology sener, and
how this sener canbe usedto manageadataandservicesn cooperatre processefor different
applicationareas. The Supply Chain Ontology is a subsetof the Logistics On-
tology . Theseontologiegeferto the productionanddistribution of goodsto satisfyary kind
of need(e.qg.,food, enegy, water). The Agriculture Ontology , in turn, hassomeinter-
sectionwith the specializatiorof the formerontologiesto the agriculturerealm. Eachof these
threeontologiesss referredto by severalworkflows, for the respectre applicationdomains.A
givenworkflow, on the otherhand,canonly be associatedvith a given ontology which will
allow it to adequatelynanagdheresourcesiecessaryor its execution.Theinteroperabilityof
ontologiesandworkflows designedor differentdomainss beyondthe scopeof this paperand
left to future work.

fLogistics éLogistics Workflow "h
---- -C :

Ontology
] ____*é‘Supply Chain Workflow ’h
[

__4>§| Agriculture Workflow ’h
T

Supply Chain
Ontology

Agriculture
Ontology

N

Ontology Server

Figure5.3: Usingdomainontologiesto handleworkflowsin POESIA

The restof this paperdescribegshe design,developmentand use of an ontology for the
agriculturerealm,providing aconcreteexampleof the basicfacilitiesto build POESIAapplica-
tions. It providesaninsightof someimplementatiorissueswith respecto the Semantid/Veb
standardsindtools availablenowadays.
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5.4 An Ontology for the Agricultur e Realm

5.4.1 The Ontology Design

As partof the effort to implementandvalidatethe POESIAapproachn reallife applications,
we have beendevelopingan ontologyto supportagriculturalzoning. This ontologyis divided
in severalfacets congreating,interrelatingandproviding unifiedaccesgo a variety of themes
relevantto the agriculturerealm. Figure 5.4 illustratesthe overall structureof this ontology
rootedat thing . Thethreetopmostfacetsare Measurement Units , Agricultural
Topic andGeo-Entity . Datainstancesappeaiatthebottomlevel.
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Figure5.4: Generakonceptiorof the ontologyfor theagriculturerealm

The Measurement Unit facetdescribeghe physical,chemical,biological and other
kinds of units appearingn agriculturaldata. It canbe adaptedrom an existing ontology of
measurementinits. One particularissuein this facetis the modelingof the relationshipsbe-
tweencompatibleunits, to facilitatedataintegrationandconversionamongtheseunits.

The Agricultural Topic facetis divided in dimensiondor particularagricultural
concernsThesedimensionsareusedto specifyontologicalcoveragesiescribingheutilization
scopesf datasetsandprocesses the agriculturaldomain. Let us considerthesedimensions
in moredetail. Figure5.5 depictsthe Agricultural Product dimension.Therectangles
in this diagramrepresentlassef objects The edgesendingwith a diamondrepresenspe-
cializationrelationshipg(of type IS_A) betweenclassesi.e., the classat the target of suchan
edge(indicatedby the diamond)is a subclas®f the classin the sourceof thatedge. The dia-
gramshaws, for example,thatan Agricultural Product canbe Rawor Processed
A Raw Product canbeaPlant or anAnimal , both of which have several subclasses.
This hierarchyis in facta directedgraph,becausef multiple inheritance.The levels are not
uniformfor eachkind of plantor animal. Thebottompartof Figure5.5 detailsthe hierarchyfor
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commerciakypesof Coffee (Arabica andRobusta ) andcateyoriesof Cattle (Dairy
or Meat cattle,i.e.,for primarily producingmilk or meat,respectiely).

Agricultural
Product

RawProduct

ProcessedProduct
O

Beans | | Coffee Corn || Rice | ... Cattle Goat Pork Sheep | ...
- —
= =
Figure5.5: The Agricultural Product dimension

Figure 5.6 depictsthe Organizations dimensionof the ontology for the agriculture
realm. Figure5.6(a)shows thatan Organization canbea Consortium , anlinstitu-
tion (e.g.,compaty, associationgovernmentabody)or a specificUnit of a Consortium
or Institution . A Consortium is composedf a numberof participatinglnstitu-
tions andan Institution is composedf its Units . Theseaggregation relationships
(of type PART_OF) arerepresentetly edgeswith a blackcircle onthe sideof the classplaying
therole of componentFigure5.6(b) presenta hierarchyof instance®f the classepresented
in Figure5.6(a). This hierarchyshaows, for example,thatthe Consortium calledRNA(Rede
Nacionalde Agrometeoologia — Brazilian Agro-meteorologicaNetwork) hasEmbrapa (Em-
presaBrasileira de PesquisaAgropecuaria — Brazilian Agricultural ResearciCorporationjand
Unicamp (Universityof Campinashsits participants CPAG CNPTIA andCEPAGRIarethe
acrorymsof specificresearcltenterswithin theseinstitutions.

TheTerritory andTime dimensionsarealsorepresentewith thebasicconstructpre-
viously described. The Territory dimensionincludesseveral layersof geographicdata,
suchaspolitical division (country regions,statesgtc.),ecologicalregions,hydrologicalbasins
andtypesof soil. The Geo-Entity  facet,basedon the GML standard192], describeshow
to represengeographideatures.

5.4.2 The Ontology on Protéege

Theontologyfor the agriculturerealmhasbeendevelopedwith Progge [190], anopen-source
graphictool for ontology editing and knowledgeacquisition. Figure 5.7 presentsa snapshot
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Consortium ( RNA)

>

Institution( Embrapa)
- - < > Institution(Unicamp) ...
Center Department \
— Unit(CPAC) Unit(CEPAGRI) ...
Consortia, .

Institutions, Unit(CNPTIA) ...
Units

(a) The classes diagram and the loading of instances (b) A hierarchy of instances

Figure5.6: TheOrganization  dimension

of this ontology on Pro&ge, shaving its overall structure(on the left) and somedetails of

the interfacefor the Territory dimension,with the statesand differentkinds of regional

subdvisionsin Brazil. Somedetailsof the Sdo Paulo Stateappeaiin apop-upwindow centered
in the bottom.

Prog&ge canbeextendedwith plugins,enablingtheincorporationof new functionalitiesand
the developmentof ontology specificationsn a variety of formats. POESIAs presenimple-
mentatioracceptontologiesn theRDF format[211]. Theadoptionof DAML+OIL [165] and
OWL [196] is alsobeingconsidered.

5.5 Exploiting Ontological Relationships

5.5.1 Ontological Coveragesto Expressand Interr elate Scopes

A POESIAontologycanbe definedasa directedgraphwhosenodesrepresentonceptde.g.,
Country ) or instancesof conceptge.g., Country(Brazil) ) andwhosedirectededges
represensemanticrelationshipsbetweennodes(instantiation , Specialization or
aggregation ). Edgesgo from the generalto the instantiated,specializedor constituent
conceptsor instances. Theserelationshipsinduce a partial order amongthe terms denot-
ing ontology conceptsand their instancegChapter3). This orderis determinedby the rel-
ative positionsof the termsin the ontology graph. Let ¢ and ¢’ be two termsof an ontol-
ogy . We saythatt encompasses, denotedby ¢ = ¢, if andonly if thereis a pathin
leadingfrom ¢ to ¢/, i.e., a sequencef instantiation,specializationand aggreation rela-
tionshipsrelating ¢ to ¢. The encompasselationshipis transitive —if  hasa path
from ¢ to ¢’ and anotherpathfrom ¢ to ¢” then hasa pathfrom ¢ to ¢”. In the ontology
presentedn the previous section,Plant = Grain , Consortium(RNA) = Institu-
tion(Embrapa) andPlant = Coffee.Arabica.Variety(Tupi) . ThestringCof-
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Figure5.7: Theontologyfor theagriculturerealmon Progege

fee.Arabica.Variety(Tupi) representghe pathto reachthetermVariety(Tupi)

The pathto a term canbe omittedif thereis no possibility of ambiguity— e.g.,thereis only
oneCountry calledBrazil , butseveralkindsof crops,suchasSoybeans , have avariety
calledTupi .

Considera POESIA ontologywith a numberof facetsdescribingdifferentaspectf one
reality (suchasMeasurement Units andAgricultural Topics ). Afacet isasub-
graphof theontologygraphwhosenodeshave no connectiorby instantiation specializatioror
aggreationwith nodesof otherfacets.Thedimensions of afacetarethesub-graphsvhose
rootsarechildrenof thefacets root. An ontolagical coverage is atuple of termstakenfrom the
dimensionof somefacetof a POESIAontology For instancethe ontologicalcoverage Or-
ange, Country(Brazil)] of the Agricultural Topic facetis a tuple with terms
from two dimensions- Agricultural Product andTerritory . Whenanontological
coverageis attachedo a Web Serviceit playsthe role of metadatadescribingthe utilization
scopeof the service.The ontologicalcoverage[Orange,  Country(Brazil)] whenat-
tachedto a Web Serviceof agriculturalproductiondata,indicatesthat datafrom that service
refer to the productionof Oranges in Brazil . Figure 5.8 illustratesthe specificationof
anontologicalcoveragein which the termInstitution(Embrapa) expresseshe utiliza-
tion scopein the Organization dimension,Orange in the Agricultural Product
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dimensionandCountry(Brazil).Region(SE) in the Territory dimension.

Consortium (RNA)

Institution(Unicamp) ... [ Cons(RNA).Inst(Embrapa),
‘ > Plant.Fruit.Orange,

Country(Brazil).Region(SE) ]
Unit(CPAC) Unit(CNPTIA) ... Unit(CEPAGRI) ... 0

Grain

T

Beans Coffee Rice ...

Country(Brazil)

/\ ...Region(NE) Region(S) (Region(SE)
Arabica Robusta ... Pera ...
‘ ‘ ...State(MG) State(RJ) State(SP)
Variety(tupi) ... Variety(/AC-2000) ...

...County(Buzios) County(Ubatuba) ...

Figure5.8: An ontologicalcoveragein the ontologyfor the agriculturerealm

SemanticRelationshipsbetweenOntological Coverages

The encompasselationshipbetweentermsgivesrise to correspondingelationshipshetween
ontologicalcoverages.For simplicity, let us considerthatan ontologicalcoveragehasexactly
oneterm for eachdimensionof a facet. Giventwo ontologicalcoveragesQOC = t, ,t
andoCc’' = t', ,t' (n ), wheret € OC andt’ € OC’ aretermsfrom the same
ontologyandfacet,OC andOC’ maybedisjoint or satisfyoneof the following relationships.

Overlapping: OC ove laps OC" if andonly if thefollowing conditionsaresatisfied:

1.VteOC:3t € OC" suchthatt =t v t' =t
2.Vt'eOC': 3t € OC suchthatt =t v t' =t

Encompassing: OC = OC' if andonly if thefollowing conditionsaresatisfied:

1.Vte OC:3t € OC" suchthat ¢t =t
2.Vt €O0C":3t e O0C suchthat t =t

Equivalence: OC = OC" if andonly if thefollowing conditionsaresatisfied:

1.Vte OC:3t € OC' suchthatt =t/
2.Vt e OC': 3t € OC suchthat t' =t
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Overlapis bidirectionalandthewealestof theserelationshipsTheencompasselationship
betweerontologicalcoveragespn theotherhand,only acceptencompassingelationshipse-
tweentermsin onedirection. Theequivalenceelationshigequireshateachpair of termstaken
from thetwo ontologicalcoverageseciprocallyencompaseachother Finally, two ontological
coveragesaredisjointif they do not overlapeachotherin at leastonedimension,.e., thereis
atermin oneof the coverageghatdoesnot encompassr is encompassely ary termof the
otherontologicalcoverage.

The encompassoverlap and equivalenceelationshipsetweenontologicalcoveragesare
reflexive andtransitive andthe two latter are alsosymmetric The transitvenessof thesere-
lationshipsinducesa partial orderamongontological coveragesreferring to the sameontol-
ogy andsamefacet. Figure 5.9 illustratesthis ordering. In the figure, ontologicalcoverages
areusedto describeservicesfor accessin@griculturalproductiondata. The coveragesn the
figure are definedwith respectto the Agricultural Topic dimensionof the ontology
The Organization dimensionwaseliminatedfor simplificationpurposes.The ontological
coverage[Plant, Country(Brazil)] encompassethe coverage[Plant.Grain,
Country(Brazil)] . Only the former encompassg®lant.Fruit.Orange,
Country(Brazil).State(RJ)] .ThecoveragdPlant.Grain, Country(Brazil)]
doesnotoverlap[Plant.Fruit, Country(Brazil).State(SP)] ,becaus¢hesecov-
erageseferto differentkindsof crops.ThecoveragegPlant.Grain, Country(Brazil)]
and[Plant, Country(Brazil).Region(NE)] overlap,thoughneitherencompasses
theothet

Services providing data about [ [ Plant.Fruit.Orange

the production of oranges . .
in the Brazilian South-East? _, Country(Brazil).Region(SE) ]

[ Plant,’
Country(Brazil) ]

[ Plant.Grain / \ [ Plant,
. 3 ,’ \\ B l R ) NE
Country(Brazil) | ; \ Country(Brazil).Region(NE) ]
[ Plant.Fruit,
Country(Brazil).State(SP) |

[ Plant.Fruit.Orange),
Country(Brazil).State(RJ) ]

[ Web Service 1 ] [ Web Service 2 ] [ Web Service 3 ] [ Web Service 4 ] [ Web Service 5 ]

Figure5.9: Usingtherelationshipsamongontologicalcoveragedor servicesdiscovering
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Ontologicalcoverageselpto describescopeandgoalsof a service.Supposenewantsto
find the servicegroviding dataaboutthe productionof orangesn the Brazilian South-Easte-
gion. SuchservicesarethosewhoseontologicalcoverageoverlapgPlant.Fruit.Orange,
Country(Brazil).Region(SE)] , Where SE is the acrorym of the South-Eastegion.
Thedashedineslinking this ontologicalcoverageto thoseof the Web ServicesnumberedL, 3
and4 indicateghatthosearethe serviceghatsatisfythe searctcriteria. For otherdetailsabout
the specificationcomparisoranduseof ontologicalcoverageseeChapter3.

5.5.2 RepresentingOntological Relationships

Giventhe semantiaelationshipgdefinedin Section5.5.1,we now turn to analyzinghow they

canbe expressedisingSemantidNVebformalisms.Here,we useDAML to represensemantic
relationshipsbetweertermsof the ontologyfor the agriculturaldomain.EventhoughPOESIA
presentlyusesRDF, this paperusesDAML just to avoid cumbersomeéRDF statementghat
couldhinderunderstanding.

< Class id=“AgriculturalProduct”>
< isA resource= "AgriculturalFacet”>
<\Class>

< Class id=“Organization”>
< isA resource="AgriculturalFacet">
<\Class>

<property
id="institutionsOfConsortium ">
<domain resource= “# Consortium ">
<range resource="# |nstitution”>
<subProperty resource="# partOf'>
<\property>

< Class id="RawProduct”>
< isA resource= "AgriculturalProduct”>

< Class id=“Consortium ">
<isA resource="“Organization”>

<\Class> <\Class>
<property id="unitsOflnstitution”>
< Class id=“ProcessedProduct”> < Class id=“Institution”> <domain resource=“# Institution”>
<isA resource=“AgriculturalProduct”> <isA resource="*Organization”> <range resource="#Unit">
<\Class> <\Class> <subProperty resource="# partOf’>

<\property>
< Class id="Plant”>

<isA resource= "RawProduct”>
<\Class>

< Class id=“Unit”">
< isA resource="0Organization”>
<\Class>

<property id=“subUnitsOfUnit">
<domain resource="# Unit">
<range resource="# Unit">
<subProperty resource="#partOf’>
<\property>

< Class id=“Publiclnstitution”>
< isA resource="Institution”>
<\Class>

< Class id="Animal”>
<isA resource= “RawProduct”>
<\Class>

(a) Agricultural Product (b) Organization

<Class id=“TerritorialDivision”>
<isA resource= “AgriculturalFacet”>
<\Class>

<property id="“statesOfCountry”>
<domain resource="# Country”>
<range resource="# State">
<subProperty resource="# partOf’>
<\property>

<TransitiveProperty id="“encompass”>

</TransitiveProperty> < Class id=*Country”>
< isA resource= "TerritorialDivision”>
<\Class> <property id=“countiesOfState”>

<domain resource="# State”>

< Property id="isA">

<subProperty resource="“encompass”>
<subProperty resource = “subClassOf">
</Property>

<Property id="“partOf”>
<subProperty resource =“encompass”>
</Property>

(d) The encompass relationship

< Class id= “State”>
<isA resource= “TerritorialDivision”
<\Class>

< Class id=“County”">
< isA resource="TerritorialDivision”
<\Class>

< Class id=“Locality”>
<isA resource= “TerritorialDivision”
<\Class>

<range resource=“# County”>
<subProperty resource="“# partOf">
<\property>

<property id="“localitiesOfCounty”>
<domain resource="#Locality”>
<range resource="#County”>
<subProperty resource="# partOf’>
<\property>

(c) Territory

Figure5.10: The ontologyfor theagriculturerealmin DAML
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Figure 5.10(a)shaws an extract of the Agricultural Product dimension. It cor
respondsto a hierarchyof classeswhere eachsubclasss linked to its parentclassby the
IS_A relationship.Figure5.10(b)shaws the Organization dimension,with the hierarchy
of classesappearingon the left side. The right side presentgshe propertiesusedto represent
the PART _OF relationshipsetweernnstance®f theseclassesFor example, propertylnsti-
tutionsOfConsortium Is usedto indicatethe institutionsthat participatein a particular
consortium.Figure5.10(c)presentsimilar constructdor the Territory dimension.Finally,
Figure 5.10(d) definesthe encompasselationshipin DAML — a transitve propertythat has
both IS_A and PART_OF as sub-properties.The IS_A propertyis alsoa sub-propertyof the
predefinedgropertysubClassObf DAML.

5.5.3 Defining Ontology Views

In reallife, domainontologiescanbecomevery large,andapplicationswill seldomneedto use
anentireontology Thus,we proposehenotionof view, whichis asubsebf anontologythatis
neededy anapplication.DifferentPOESIAapplicationsanrequiredistinctviews of thesame
ontology characterizetby distinctsubset®f theontologyconceptsandsemantiaelationships,
andrespectieinstancesSuchviews canfacilitateknowledgevisualizationandmanipulationn
applicationprograms.Ontologyviews canbe specifiedwith atemplatebasednethod.Classes
andsemantiaelationshipgo beincludedin the view aremarked with tags. The possibletags
are:

DIM _CLASS is associatedvith an ontology classreferringto a dimensionof the ontology
to denotethat the dimensionmust be taken into accountin the view (e.g.,the dimen-
sionsAgricultural Product , Organization andTerritory of theagricul-
turaltopicfacet).

ROOT_CLASS marksthe root classesf a dimension(e.g., Country and Ecological
Region asrootsfor the Territory dimension).

SHOW _CLASS indicatesanintermediateclassto beshawvn in theview.

SHOW _RELATIONSHIP labelsa relationshipbetweeninstancesto be consideredn the
view.

We developedanalgorithmto generateanontologyview, following the hierarchyof classes
and the semanticrelationshipsamongtheir instancesand using thesetagsto decideon the
classesinstancesandrelationshipgo putin theview. Figure5.11 presentsanontologyview
obtainedby thismethod.Thisview is displayedn a userinterfacewe developedwith the Tree-
bolic implementatiorof the hyperbolictree[27]. This interfaceallows oneto browsethe view
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Figure5.11: A view of the ontology for the agriculturerealm embeddedn an application
program

andchooseontologicalcoverages.Theroot of thetreeshavs the URI of the site that provides
the ontology This snapshotletailsthe Territory dimensionwith the Brazilian regions,
statesandfiner territorial divisions. The Agricultural Product dimensionappearsat
theright of theroot, while theOrganization ~ dimensionis practicallyhiddenattheleft side
of theroot. Onecannavigatefrom therootto theleavesof thetree,to explorethearrangement
of conceptsandinstantiatedermsin a view. The useof hyperbolictreesto browse ontology
views hasprovedto beuserfriendly, despitehe high numberof nodedo represenall theterms
in theontology(morethan15000in someexperiments).

5.6 Engineering Considerationsand SystemsEvaluation

5.6.1 Architecture and DesignTradeoffs

Thefollowing issuesneedto be solvedin orderto implementthe ontology-drivenfacilitiesin
POESIAapplications:

1. how to give efficient supportto computesemantiaelationshipsetweerontologicalcov-
erages;
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2. how to constructontologyviews tailoredfor particularapplicationdomains.

Thesetwo problemsarerelated: structuralrestrictionsimposedon ontologyviews enable
moreefficient algorithmsfor comparingontologicalcoverageghanusing,for example,infer-
enceenginedike Jesq91] or Algernon[122] to processa full ontologyfor this purpose.ln a
tree-like view, determiningf atermt encompassemnotheiterm¢’ reducego determiningf the
string representinghe pathfrom theroot o to ¢ is the headof the string representinghe path
fromoto¢'. In aDAG-like view, onecanusegraphsearchalgorithmsto determinef thereis a
pathfrom ¢ to t'. Most of the ontologyviews usedin agriculturalzoningapplicationshave the
numberof edgegsemantiaelationshipsproportionaito the numberof nodegterms).Thisen-
ablescomputingsemantiaelationshipgetweerontologicalcoverageswith linearcompleity.

Given our option for views, our engineeringsolutionto handleontologiesin POESIAIn-
volves three aspects: (i) adopta proceduralapproachto ontology managementbaclked by
databaseto attainpersistencendscalability; (i) projectthe ontologyinto views tailoredfor
particularapplicationstherebyreducingthe numberof termsandrelationshipgo be handled;
(iii) restrictthe ontologyviews usedin applicationgo directedacyclic graphs(DAGs)or trees,
in orderto facilitate the implementatiorof visualizationand navigation tools and enableeffi-
cientalgorithmsto checkrelationshipsetweerontologicalcoverages.

OntoCover
" Load ontologies

Protégé

" Project ontology views

" Visualize & browse

® Choose and compare
ontological coverages

Application Program

Ontology in

Instances RDF/ RDFS
Database

Figure5.12: Developingandusingontologiesn POESIAapplications

Figure5.12illustratesthe major componentsnvolvedin the developmentof POESIAon-
tologiesandtheir usein applications.Prot egée supportsthe developmentof domainontolo-
giesanduploadstheminto RDFandRDFSfiles. Instancef ontologyconceptsanbe stored
andloadedfrom databases , in orderto speed-ughe loadingof large ontology datasets.
OntoCover is a Java library we have developedto load ontologies,build ontology views
andhandletheseviews in application programs . OntoCover providesthefollowing
functionality:
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loadontologiesfrom RDF andRDFSfiles into databaseandvice-versa;

assemblédree-like views of ontologiesin applicationprogramstaking instanceof con-
ceptsfrom RDF files or databases;

graphicallybrovsetheseontologyviewsin applicationprograms;

selectontologicalcoveragestuplesof ontology terms)and checkoverlap, encompass
andequialencerelationshipsetweentheseontologicalcoveragesn atree-like view of
anontology

5.6.2 Constructing Ontology Views

OntoCaoeruseghe Jenatoolkit [132] version2.0to parseRDF/RDFSspecification®f ontolo-
giesdevelopedwith Proege andto handletheir statementgresouce-poperty-valuetriples).
An RDFS (RDF-Schemajile delineateghe hierarchiesof classef a domainontology An
RDF file, on the other hand, specifiesinstancesf thoseclassesand semanticrelationships
amongthoseinstances.JenaloadsRDF/RDFStext files in memoryor in a databasenanage-
mentsystem(DBMS) andallows navigationin the RDF triplesthroughanapplicationprogram
interface (API) or the RDQL query language,an implementationof SquishQL[177]. The
DBMS providespersistencandscalabilityfor large ontologyspecifications.

We construcanontologyview by usingJenan two steps:(1) loadtheRDFSof theontology
in RAM; and(2) manipulateRDFSaccordingo thetagsdescribedn Section5.5.3,considering
threealternatvesfor gettinginstance®f the ontologyconceptdo completethe view:

RAM: uselJenao parseRDF specificationgrom filesinto anauxiliary datastructurean RAM,
whichis manipulatedsia the JenaAPI to build thetree;

DB RDF: usetheJenaAPI to handleinstancedatastoredasRDF triplesin PostgreSQL206];

DB Conventional: take instanceslirectly from a corventionalPostgreSQldatabase.

The databaseschemausedby Jenato storeRDF triplesin the DBMS — for the DB RDF
stratgy —is presentedn [248].

Figure5.13illustratesthe databaseschemausedby the DB Conventional  strateyy for
the instanceof territorial divisionsin the DBMS. In this figure, rectanglesepresentables
andthe links betweenrectanglesepresentl:N relationshipswith a black circle indicating
cardinality N. This schemadenotesfor example,thata Country is politically divided into
OfficialRegions , eachOfficialRegion into its constituentStates , andsoon. The
territory canalsobe divided accordingto ecologicalissuesn MacroEcoRegions andtheir
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‘ Country ‘ MacroBasin ‘
OfficialRegion MacroEcoRegion

SubEcoRegion

[ MicroRegion }_.[ County ]—.[ Locality ]

Figure5.13: Thelegag/ databaséor territorial divisions

specificSubEcoRegions . Alternatively, onecandivide theterritory accordingto hydrologi-
cal, pedologicalanda numberof othercriteria.

The RAMstratgy to generatean ontologyview is expectedto give the bestperformance.
However, it hasscalability limitations, dueto the extensve useof memory DB RDFandDB
Conventional , ontheotherhand,combinetheflexibility of knowledgemanagemenh on-
tologieswith the capabilitiesof a DBMS for handlinglarge datavolumes. They avoid RAM
scalability problems,without compromisingfunctionality. Our experimentsreportedon Sec-
tion 5.6.3,shov thatDB RDFtakestoo long, especiallyfor large datasets probablydueto the
idiosyncrasie®f storinginstancesn RDF triplesandhandlingthemwith Jena.DB Conven-
tional givesbetterperformancehanDB RDFE We never keepRDFS specificationof our
ontologiesn theDBMS, becaus¢hesespecificationsretypically too smallto beadwantageous
to do so.

5.6.3 Experimental Evaluation

We have conductedseveral experimentgor implementingOntoCaover andhandlingontologies
in POESIA.Thegoalof theseexperimentsvasto comparamplementatioralternatvesin terms
of ontologyview managemenfrom anapplicationpointof view. Basically we investigatedhe
performancef differentalternatvesin termsof responséime, givena users requestoncern-
ing relationshipdbetweerontologicalcoveragesTheresultsof preliminaryexperimentlearly
shavedtheadvantage®f usingontologyviews asopposedo inferenceengines.Thereforewe
focusedfurther experimentson comparingthe alternatvesdescribedn Section5.6.2to build
ontologyviews. In thefollowing, we reportall the experimentsanddetailsthe resultsrelative
to the constructiorof ontologyviews.

Ourexperimentausedtheontologydescribedn Section5.4. Instancegor the Territory
dimensiorof this ontologywereprovided IBGE (Instituto Brasileiro de Ge@rafia e Estaistica
— Brazilian Institute of Geographyand Statistics). IBGE’s datasetincludesinstancedor all
Official Regions , States , Meso-Regions andMicro-Regions  (of the states),
Counties andDistricts of Brazil. This datasethasaround5000 countiesand 10000
districts, that we usedto generatean ontology graphwith more than 15000 nodes,to allow
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experimentswith large volumesof data.

ViewsversusinferenceEngines

A queryonthis ontologyusingAlgernon[122] inferenceengineto determinaf agivenState
encompassesgivenDistrict took severalminutes,on Windows 98, in a2.0 GHz Pentium
IV machine,with 512 megabytesof RAM. This is just one exampleof the scalability prob-
lemsof the currentlyproposedsemantidNMebtechnologyin particularof rule-basednference
engines.Theseproblemsarehardto circumventfor ontologieswith arbitrarysemantiaelation-
shipsandcomple structuresThewholeontologyfor theagriculturaldomain for example has
multiple applicationsandincludesinverserelationshipghatgiveriseto cyclesin theontology’s
graph-like structure.

Whenthe ontologyis reducedo a view in the form of a DAG or tree, the algorithmsfor
comparingontologicalcoveragesun fast(lineartime in the input size). Thus, all subsequent
experimentwerebasedon views.

View Construction

Giventheengineeringptionfor views, thebottleneckhasbeenthememoryandtime necessary
for loadingontologyspecificationandextractingthe views. Therefore we focusedour exper
imentson this part of the solution. We conducteda seriesof experimentswith Jenaversion
1.6.1andJena2. We found outthatJena2.0 outperformsversionl.6.1by 40%in averageand
reduceghe memoryuseby almost2/3 for keepingRDF/RDFSin RAM. For this reasonwe
only reportheretheresultsof the experimentswith Jena2.

Figure 5.14 presentghe resultsof someexperimentson constructingtree-like views of
chunksof the ontologyfor the agriculturalrealm,with incrementsof 1000nodes.The Y-axis
representshe time to build the view (Figure5.14(a))or the memoryuse(Figure5.14(b)),for
eachontologychunkwhosenumberof nodesappeairin the X-axis. We comparethe strat@ies
describedn Section5.6.2; namelyRAM DB RDFandDB Conventional . For the RAM
stratgy we considerthe time to parseRDFSandRDF, plusthetime to build the treeby han-
dling theseRDF specificationdoadedin memory DB RDFandDB Conventional , onthe
otherhand,take advantageof the efficiency of a DBMS to managedarge datasetsin persis-
tentmemory Thesestratgiesonly load RDFS asa whole in memory and query individual
instance®f the ontologychunkin a PostgreSQldatabasenodeledasRDF triples (DB RDB
orin acorventionalway (DB Conventional ). Thememoryuseis the peakof memoryallo-
cationfor loadingthe necessariRDF/RDFStriplesandbuild theview. Theseexperimentsun
onLinux (RedHat8),in a1l.6 GHz PentiumlV machinewith 512 megabytesof RAM.

Therunningtime measuremengresenteth Figure5.14(a)shav thatDB Conventional
is thefastesstratgy. RAMs slightly slowerthanDB Conventional  for large datasets be-
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Figure5.14: Comparingalternatve schemesgor generatingontologyviews

causeof the burdenof parsingRDF files, as opposedto efficiently taking instancesrom a
databaseria queriesthat useits indexes. DB RDFis by far the slowvestalternatve. This bad
performancas probablydueto the way RDF breaksthe dataabouteachinstance- one RDF
triple for eachfield value—leadingto additionallevelsof indirection. Anotheradvantageof DB
Corventionalovertheothertwo stratgiesis thatit ordersthesiblingnodesn theontologyview
by their labels,usinga secondaryndex for thefield supplyingthe labelvalues.This ordering
facilitatesbrowsingandlocationof specificitemsof the ontologyview in the userinterface.

When comparingthe memoryconsumptionof the threestratejies, Figure 5.14(b) shavs
thatindeedthe RAM stratgy consumeghe largestamountof memory In contrast,both DB
Corventionaland DB RDF stratgies are more economical becausehey do not requirethe
constructiorof intermediatedatastructuresn memoryandtake advantageof adatabaséo load
large setsof instances.DB Corventionalis slightly more economicathanDB RDF, perhaps
dueto Jenas memorymanagemergtratgiesfor houseleeping.

Fromtheexperimentalesultsin Figure5.14,we obseretwo cleartrendsin thethreeimple-
mentationf ontologyview supportin OntoCoverusingJena2. First, DB RDF is expensveto
build the ontologyview (Figure5.14(a)). SecondRAM consumesignificantamountof main
memory(Figure5.14(b)).Fortunatelythe DB corventionalapproachs bothfastandeconomi-
calwith memoryconsumptionOtherimplementationsnaysolve theinstancesoadingproblem
andthemainmemoryconsumptiorproblemusingsomealternatve techniqueput theproblems
we found seemto beinherentto RDF andmain memorymanagementtor currentlyavailable
softwaretools, usingcornventionaldatabaseto storeandaccesdarge ontologiesseemgo bea
goodchoice.
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5.7 RelatedWork

Thereis plenty of researcmowadaysintendedto apply SemanticWeb ideasin a variety of
domains. On the other hand,few studiesusethe experienceacquiredin real world applica-
tions to evaluatethe viability of SemanticWeb proposalsanddevise methodsto provide the
scalabilityandefficiengy requiredin practice.Usually, solutionsto handlelarge repositorieof
metadataconjugateknowledgerepresentatiomnd manipulationtechniquesvith corventional
Webtechnologyanddatabasenanagemertystemg132, 248 74,162 133 30].

RDF[147,80] is the majorformatfor machine-processabiaetadatan the SemantidNVeh
Thebasicconstructof the RDF modelis the statement- a triple of the form subject-pedicate-
object wheresubjectrefersto a resourcgarything that canbe denotedby a URI), predicate
is a propertyof that resourceand objectis the value of that property The objectcanbe a
literal (e.g.,astring) or anotheresource RDFS(RDF-SchemagxtendsRDF with classesand
propertieso specifydomainvocahulary andobjectstructuresj.e., definespecificclassesand
propertiedfor a particulardomainor application. OtherlanguagesuchasDAML+OIL [165]
andOWL [196] extendthe RDF/RDFSvocalulary to enrichontologies’expressvenesge.g.,
expresgdisjunctionof classesndotherconstraints) Thus,for metadatanalysispurposesopne
canconsidefjust RDF triples.

RDF canbeexpressedisingXML syntax.However, XML querylanguagesuchasXQuery
[258, 2] arenot suitablefor RDF, becausehey arebasedonthe XML treestructureandignore
the RDF model. Hence severallanguagesndtools have beendevelopedspecificallyto query
RDF Jena[132, 248 andits improved versionJena2 is a populartoolkit for handlingRDF
triples.[74] and[162] proposeotherimprovementdo acceleratguerieson RDF triples.

Neverthelessproceduralanguagesor handlingRDFtriplesandtheir componentarecum-
bersome.For mary applicationssuchasbuilding ontologyviews in POESIA(Section5.6.2),
a template-basedeclaratve languagewould be more appropriate. RQL (RDF Query Lan-
guage)[133] is a declaratve languagefor queryingRDF directedgraphs in which resources
and objectsare representedby labelednodesand propertiesby labelededges. RQL adapts
functionality of querylanguagegor semi-structurednd XML data[2], to provide functional
constructsin the style of OQL [40], for uniformly queryingRDF andRDFS.Sesamg30] is a
sener-basedarchitecturdor storingandqueryinglarge quantitiesof metadatan RDF/RDFS,
with supportfor RQL andconcurreng control. Sesame&anbe deployed on top of a variety of
storagedevices,suchastriple storesyelationalandobject-orientediatabases.

However, it is possibleto handleRDF/RDFSin anevenhigherabstractiorlevel. Jesq91]
andAlgernon[122] areexamplesof inferenceenginesableto handlemetadatan RDF/RDFS
andrelatedformats. Thesetools canbe pluggedto anontologyeditor suchasPro&ge [190] or
simply processRDF/RDFSexportedby suchan editor. They regardRDF/RDFSstatementas
rulesformalizing declaratve knowledge,andapply inferenceto derive otherknowledge. Our
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experimentshovedthattheperformancef Algernonis insufficientfor ourapplicationsThus,
asdiscussedn Section5.6, we decidedto combinetools for handlingRDF at the statements
level. Thetheoreticakesultsenablingourimplementatiorappeatin Chapter3.

From the perspectie of SemanticWeb applicationsthe key point is to take advantageof
knowledge,representeth standardsike RDF, to leverageautomatedneando describeprga-
nize,discover, selectandcomposeNebresourcesor thesolutionof avarietyof problems.The
mostusualapproachs to definesemanticmarkupbasedon someontology andusethemto
integrateand provide unified accesgo dataandservicestypically via Web portals. Thereare
mary examplesof this approachn theliterature[121, 216,111,13].

Someexperimentalsystemspossesslistinctive features. Edutella[188] is a Peerto-Peer
infrastructureusing RDF metadatao facilitate accesgo educationaresources.In Edutella,
eachpeerholdsa setof resourcegndhasan RDF repositoryof resourcalescriptionsto allow
gueryingits contentsat the storagelayer (e.g., SQL) or userlayer (e.g.,RQL). Peerscanbe
heterogeneoum their internal organizationandthe querylanguagethey provide. The com-
mondatamodelandthe exchangdanguageof Edutellaenablesa standardnterfacefor posing
gueriesto specificpeersor communitiesandfind resourcescrossthe network. Piazza[115]
is an infrastructureto provide interoperabilityof datasourcesin the Web, by mappingtheir
contentsat the domainlevel (RDF) andthe documentstructurelevel (XML), andaddressing
theinteroperatiorbetweertheseevels. Themappingsarespecifieddeclaratvely for smallsets
of nodes.A queryansweringalgorithmchainsthesemappinggogetherto obtainrelevantdata
from acrossthe network. Otherworks focuson the interoperabilityof scientific datareposi-
torieson the Web [160, 224]. Finally, the grid — a platform for coordinatedesourcesharing
throughthe Internet,increasinglyusedfor scientificdataprocessing- andthe SemanticWeb
have mutualcharacteristicandgoals[102]. Both operatein a global, distributedanddynamic
environment,andbothneedcomputationallyaccessiblendsharablanetadatdo supportauto-
matedinformationdiscovery, integrationandaggreyation.

POESIAIs similar to someof theseinitiatives,in the sensehatthey favor cooperatiorof
peers,using SemanticWeb apparatuso boostinteroperability insteadof trying to coercethe
peerdo a uniqueintegrationschemayet, to thebestof ourknowledge POESIAiIs theonly ap-
proachthatemploysthe partialorderingof resourcalescriptors- namelyontologicalcoverages
andtheir semantiaelationships- to organize discover, andreuseresourcesn a particulardo-
main. POESIAalsoincludesmechanismshasedon ontologicalcoveragesworkflows andac-
tivity models to semanticallyorientthe compositionof Web Servicesn cooperatie distributed
processefChapterd) andhelpto tracetheinformationflow acrosgsheseprocesseéChapterd).
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5.8 Conclusions

The SemanticWeb technologyhaspotentialto supportscientific applicationsthat gatherand
integratedatafrom severalsourcesanduseavarietyof dataprocessingesourceslt canimprove
the functionalitiesof currentsyntax-basedataprocessingandprovide enhancedacilitiesin
semantiawareopen-endedhformationsystems.

This paperhasoutlinedthe POESIA approachfor dataintegration, cooperatre datapro-
cessingand information analysis. It consideredparticularimplementationissuesfor a new
generatiorof information systemshasedon the SemanticWeb — the loading, adaptatiorand
useof domainontologiesn applicationsnvolving dataandservicegdiscorery andcompaosition
on the Weh The main contributionsare (1) carrying out facilities adheringto the Semantic
Webin ascientificapplicationfor the agriculturaldomain;(2) pointingout someshortcomings
of currently proposedstandardsand tools, when facedwith real life systemsand large data
volumes;(3) the designandimplementatiorof somesolutionsto overcometheselimitations.
Thoughtheseresultswerepresentedn the context of a casestudyin agriculture they applyto
severaldomainsandawide classof ontology-basedystemsin orderto apply POESIAto other
domains.two basicrequirementsnustbe met: the availability of domainontologies;andthe
cooperatiorof domainexpertsto specifytheir workflows anddefinethe appropriateontology
views.

The OntoCuver packagefor generatingontology views, browsing theseviews and coping
with ontologicalcoverageshasbeencompletelyimplementedandincorporatedn WOODSS
(Workflow-basedDecisionSupportSystem) a tool thatappliesscientificworkflows to process
geographicdatafor decisionmaking purposeqg214]. The associatiorof ontological cover
ageswith workflow actvities anddatain WOODSSprovidesa testbedor the useof POESIA
semanticdescriptionsto organizethe resourcegequiredby cooperatie processesvolving
geographiadata— e.g.,in ervironmentalplanningor biodiversity studies. This approachhas
beendevelopedin conjunctionwith expertsin agriculture.Completeimplementatiorandvali-
dationinvolve mary otherissuede.g.,Web servicesmplementationchoreographingervices
in cooperatre processesnthe Web),andareleft to future work.

The POESIAapproactcouldbeappliedto the agriculturerealmbecause&omainexpertsin
this areawereableto establishthe ontologicalagreementaecessaryo describeandinterrelate
dataand processingactiities of cooperatie processes.In caseswherethis is not possible,
it is necessaryo establishsemanticconnectionetweenthe ontologiesusedto describethe
resourceemployedin differentpartsof a cooperatre process.This requiresfurtherresearch
onontologiesintegration,andarticulationof processeframavorks usingdifferentontologies.

Anotherextensionfor the SemantidMebresearchs to developanalgebrafor handlingon-
tologies,with facilities for declaratvely expressingandgeneratingontologyviews, aswell as
meiging andintegratingontologies. A richer setof semantiaelationshipscould alsobe con-
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sideredto extendthe POESIAapproach.RQL andotherlanguagedor queryingRDF in the
semantidevel mustalsobe examinedto expressthe ontologyviews and/ordetermingermen-
compassingn the POESIAapproach.Still, otherresearcithemesinclude evaluatingvarious
standardsindtools arisingfrom the SemanticNebresearche.g.,DAML+OIL, OWL) to im-
plementPOESIA;developingcataloggo supportservicesdiscovery andcompositionfounded
by domainontologies;andapplyingthe POESIAapproachin otherdomains suchasecology
biotechnologysociology economyandbusiness.
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Capitulo 6

Concluses

“So let usnotbeblind to our differences-
but let usalsodirectattentionto our commorinterests
andto themeandy which thosedifferencescanberesolved.
Andif we cannotnowendour differences,

at leastwe canmale this world safefor diversity”

JohnF. Kennedy1963

A Web sen@nticavisa estendeo papeldoscomputadoreso suportea diversasatividades
humanasatravésdedescritoresenmanticosdosrecursoslisporiveisemrede.Estateseapresen-
tou resultadosaderentes Web sen@éinticaparaauxiliar a localiza@o de recursosa integra@o
dedadose a determina@o de suaproveniéncia,em processogbtidosmediantea composj@o,
semanticamenteonsistentede servios Weh A abordagenPOESIA, centradaem umaon-
tologiade doninio, modelosde atividadese workflows, fornecefacilidadescomplementarea
outrosresultadoparaa integra@ode dadose servimsemaplicadesWeb, particularmenteo
campocienffico.

6.1 Contribuicoes

A principaiscontribuicbesdestetrabalhosao:

1. descri@o dos requisitosestruturaise funcionaisde uma aplica@o cientfica — zonea-
mentoagificola— em que grandesvolumesde dadoshetero@neossao correlacionados
sobcondidesespaciai® temporaisemprocessosomplexosnaWeb;

2. umarcaboyo tedrico,basead@montologiasde domninio, modelosdeatividadese work-
flows, paraa descri@o,organiza@o,recuperagoe composj@odedadose servios;
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3. regrasparaverificara consisénciasenanticade composjdesde recursoscombaseem
conceitoespedicosdo doninio deaplica@o;

4. combina@odeumaontologiade dominio e descri@esde fluxos de dadosparaavaliar a
proveniénciade dadosem processoslistribuidosnaWeb;

5. critérios paraauxiliar a integra@o de dados,fundamentadosio uso de coberturason-
tologicasparaexpressan escopce agranularidadelosdados;

6. validago parcial do arcaboyo tebrico, através da implementaéo de alternatvas para
lidar com grandesvolumesde dadosem um domninio espedico. Em particular estes
experimentosleimplementaéo,descritosno Cagtulo 5, indicaramqueastécnicase fer-
ramentagtualmentalisporiveisparaa Web Senainticanaoconsguemgerenciagrandes
volumesde dadosde maneirasatisatoria.

Estascontribuicdesforam publicadasou submetidaparapublica@oresultandemum ar-
tigo emrevistainternacionaindexada[83] e quatroartigosemconfeéncias[86, 82, 84, 234,
alemdeum artigo paraconfeénciainternacionak um relario técnicorecentementsubmeti-
dos.

6.2 Extendes
OstrabalhoduturosnaabordagenPOESIAincluem:

Generaliza@o dasontologias: A abordagenPOESIAé baseadampropriedadeslerelades
senmanticasentreostermosde umaontologiade doninio, especificamentequivaléncia,
agrega@o e especializa@o. Tais propriedadeslefinemumaordemparcial entreoster-
mose a estruturaéo daontologiae dosframewvorks de processosoba formade grafos
adclicosdirecionadosEssagaracteisticas por suavez,permitemaimplementaéo efi-
cientedasfacilidadespropostaparaPOESIA.A inclusiode outrasrela@essenanticas
podeenriquecela abordagemPor exemplo,arelado de disjun@o podeexpressaque
duasregidesgeogaficas(taiscomodois estadoshao sesobre@em. Exten®esaoarca-
boum tedrico daabordagenP OESIAprecisanseranalisadasomcuidado paragarantir
amanutenaodaconsisénciadaabordagem.

Implementacao com diferentestecnologias: Os experimentogealizadosestedoutoraddi-
mitaram-sea implementaéo dos mecanismosecesariosa manipulaéo de ontologias
e coberturasontologicas. Essasimplementades utilizam RDF pararepresentaa on-
tologia de doninio e ferramentagproceduraigparaa caga e utilizacdo dasontologias
em aplica®es. Linguagensmais expressvas paraa representgio de ontologias(como
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OWL), linguagengleclaratvasparamanipula@odeconhecimentgcomoRQL) e padibes
demetadadoparaareasespedicas(comoGML) devemserconsideradosmimplemen-
tagdesfuturas.Alémdisso pacoteparao desemolvimentodeservimsWebtémevoluido
rapidamentee precisanseravaliadosparaaimplementaaocompletade POESIA.

Validacao emdiversasareasde aplicacdo: Estetrabalhdimitou-seadefinicdodosrequisitos
deaplica®desemagricultura particularmenteo zoneamentagficola. O proximo passo
e avalida@odaabordagenPOESIAjunto a especialistade outrosdominios, utilizando
e aperfejoandoos prototiposdeserolvidos nessdrabalho.POESIAtem potencialpara
aplica@oemdominioscomoecologia bioinforméatica,sociologia,economiae negocios.

Outrasextenestranscendera abordagenPOESIAe constituendesafioparapesquisa:

Geracaode ontologias: A constry@o de ontologiasé uma tarefa laboriosae sujeitaa er
ros, omisese imprecies. Destaforma, métodose ferramentagparaautomatizara
constry@odeontologiasapartir detextos,dadossemi-estruturadosestruturadopodem
contribuir parabaixaroscustos elevaraqualidadedasontologiag94, 62,181, 182,184].

Inter operabilidade de ontologias: O desemolvimentodeontologiagparadiferentesiominios
e aplica®esleva a problemagle interoperabilidadentreontologias.A abordagenO-
ESIA sb pdde ser aplicadaa agriculturaporqueos especialistaslessedomninio foram
capazegle estabeleceacordosparaa definicdo de um referencialontologico comum.
Noscasosmaqueissonaofor possvel, deve-sedefinir conexdesentreontologiasdistin-
tas. Propostasle solu@o paraesseproblemaincluemalgebrase modelosbhaseadogm
grafosparaacomposj@oe articula@odeontologiag 79, 183 131, 247,245,244.

Sincronizagdo de processogooperatvosna Web: A tecnologiaatualdesincroniza@odepro-
cessodaseia-s@rincipalmenteem“orquestra@o” detarefas,i.e., controlecentralizado,
mesmoque a execu@o sejadistribuida. Processosooperatros na Web requereni‘co-
eografia’de atividadesaubnomas paseadana integra@o de protocolosparagarantira
execu@o harndnicade workflows interoganizacionaisAlgumaslinguagensle compo-
sicdodeservimsWeb[234,116, 20, 255 87, 204, 250,175] etécnicasle modelagende
processo§l16,235,186 93, 157] visamcontemplaressesequisitos.
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Annex |

Formal Definitions and Propertiesfor
POESIA

This anne presentsll the formal definitionsandproofsof theoremghatenablethe POESIA
ontology-basedpproactor resourcesliscorery andcomposition.lt is organizedasfollows:

Sectionl.1 formally describeghe structureof a POESIA ontology and the basiccon-
ceptsrelatedwith suchanontology suchaspathsandsemanticencompassingetween
ontologyterms.

Sectionl.2 definesontologicalcoveragesandthe semantiaelationshipof encompassing
andequialencebetweercoverages.

Finally, Sectionl.3 presentshe conceptf actvity pattern(which canreferto simpleor
compositeservices) specializatiorand aggrgation of actvity patternsprocessdrame-
work andspecificprocessefor particularneeds.

The conceptf Sectionl.3 arebasedon the notion of ontologicalcoveragesandsemantic
relationshipdpetweerthesecoveragesTherulesusedo defineprocesgramevorksandspecific
processegnsurethe semanticconsisteng of the compositionsof servicesaccordingto their
associatedntologicalcoverages.

134
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.1 POESIA Ontologies

Definition I.1 statesthatfor a setof words to be considerecconsistentat mostone seman-
tic relationshipof theset (which includessynonymlIS_A, andPART.OF, with their inverse
relationshipspccursbetweenrary pair of words.
Thefollowing definitionsandtheoremsshav thatarny setof semanticallyconsistentvords

canberepresentedsagraph , whosenodescorrespondo maximalsetsof wordsthatare
synorym of eachother andwhoseedgesaresemantiaelationshipsbetweersetsof synoryms.
Thegraph s calledanarrangementdf semanticallyconsistentvords(Definition 1.3) if it is
agyclic andconnected.

Definition 1.1 (Setof Semantically ConsistentWords) Let be a finite setof words for a
universeof discouse . is a setof semanticallyconsistentvords with respecto the setof
semantiaelationships

= s non m,h pe n m,h pon m,holon m,me on m
iff:

vV e "= A € suchthat # !

i.e., for anypair ofwords , '€ atmostonesemantiaelationship € leadsfrom to

!

Definition 1.2 (Maximal Setsof Synonymous)Givena setof semanticallyconsistentvords
with respecto the setof semantiaelationships

= s non m,h pe n m,h pon m,holon m,me on m

a n is a maximalsetof synonymoufrom iff thefollowing conditionsare satisfied:
1. a n#
2.V 'e a n: snonm '

3.V 'e (€ a n 'd a n)= ( snonm ')
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Algorithm 1 — Generatethe collection of maximal sets

Givena setof semanticallyconsistenwvords  for the univeiseof discouse , apply the
following sequencef stepsto partition in a collectionof maximalsetsof synonymous.

1. Let =
Build thelist of unitary setsof words o ts = ( ).
2. 1f3 "€ a tssuchthatV € e 't s mnonm '
thenremave and ’'from a tsandinsert( Yin a ts.

3. Repeastep2 until

(3 e ats € "€ !'suchthat s non m ')

Whenthe executionof algorithm 1 stopsthe partition of  in thecollectionof maximalsets
of synonymouss availablein thelist a ts.

Theorem 1.1 Let bean arbitrary setof semanticallyconsistentvords with respecto the set
of semantiaelationships

= s non m h pe n m h pon m holon m me on m

Theset canbepartitionedin a collectionof maximalsetsof synonymous.
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Proof:

Algorithm 1 genertesthe partition of  in a list of maximalsetsof synonymouslenominated
a ts. Thecorrectnes®f algorithm1 canbeverifiedin two phases.

Phasel: Algorithm1 partitions in acollection « ts of setsof synonymous.

We proveit by inductionon the numberof repetitionsof step2.

Base: After executingstep 1 (and before the first executionof step 2 of algorithm 1,
ats=( ). Theefore:

2.Y € ats: #

3.V € ats e : s nonm

Step: Ead executionof step2 of algorithm 1 preservegonditionsl, 2 and3 of thebase
becausestep2 canonly replacea pair of setsof synonyms and ' from a ts

with theunion "whenv € e ' snonm .

Phase2: Ead setof synonymoupresentn « ts by the endof the executionof algorithm 1
is maximal.

It is guaranteedby the conditionto stoptheloopin step3:

(3 "e ats € "€ 'suchthat s non m ')
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Theorem 1.2 Givena setof semanticallyconsistentvords  with respecto the setof semantic
relationships

= s non m h pe n m h pon m holon m me on m

Thee existsa directedgraph ~ (V/ ) that organizesthe words of ~ accoding to the se-
manticrelationshipsn

Proof: Let « ts bethecollectionof setsof synonymousbtainedby patitioning  with algo-
rithm1. (V ) hasthefollowing constitution:

V' is thesetof verticesof
eV & € ats
is the setof directededgesof

( NHe (¥ € 'e 't hpenm "V holon m ')

Definition 1.3 (Arrangement of Semantically ConsistentWords) Let be a setof semanti-
cally consistentvordswith respecto the setof semantiaelationships

= s non m h pe n m h pon m holon m me on m

Thearrangementof semanticallyconsistenwords of ~ (or simplythe arrangementof words
from )isagraph (V ), with the setof verticesV andsetof edges , sud thatthe
following conditionsare verified:

1.V € :94 €V suchthat €

2.V €V 'e : snonm !

3.V eV € 'e 'e = ( snonm ')

4. ( e & (Vo€ e 't hpenm 'V holon m ')
5. is acyclic

6. is connected
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Definitionsl1.4 to 1.6 describethe encompasselationshipbetweenermsof a POESIAon-
tology andTheoreml.3 shaws thatthis relationships transitve.

Definition 1.4 (Path) Let bea setof semanticallyconsistentvords with respecto the setof
semantiaelationships

= s non m h pe n m h pon m holon m me on m

Let (V ) beanarrangemenf semanticallyconsistentvordsfor thewordsof , whese
V isthesetof verticesof and  thesetof edgesof

Apathfromvertex €V tovertex € V isasequencefdirectededgesof leading
from to ,withtheform:

whee ( ye (i n).

Definition 1.5 (Vertices Reachability) If there is a path fromvertex  to vertex in the
arrangemenbf semanticallyconsistentvords |, thenwesaythat  isreadablefrom in
, denotedby

Definition 1.6 (SemanticEncompassing)Let bea setof semanticallyconsistentvords with
respecto the setof semantiaelationships

= s non m h pe n m h pon m holon m me on m

Let (V ) bethe arrangementof semanticallyconsistenivords for the wordsof , and
"€ betwoarbitrary wordssud that:

()eV e () (NeVv e ()

Theword encompassakeword ', denotedby i
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Theorem 1.3 Let bea setof semanticallyconsistentvordswith respecto the setof semantic
relationships

= s non m h pe n m h pon m holon m me on m

Theencompasselationshipamongthewordsof is transitive
Proof:
Let " "¢ sudthat

! ! n (1)

Let (V ) bethearrangemenif semanticallyconsistentvordsfor

Let () (') (") €V sudhthat:
E ( ) IE ( I) n E ( II)

Then,from (1) anddefinitionl.6:

—
—
N—r
—~

~
N—r

<

—~
~—
—~

<
~
~—
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Definition 1.7 describesatermasa word thatis an specializatioror aninstanceof another
word, calleda concept.Termsareorganizedn arrangementsf semanticallyconsistentvords
(asdescribedn Definition 1.3), called arrangementsf semanticallyconsistenterms. Each
arrangemenbf termshasan associatedirrangementdf semanticallyconsistentconceptsto
qualify its terms. Definition 1.8 describesa domainspecificontology as a collection of ar
rangement®f semanticallyconsistenterms,with the respectre arrangementef semantically
consistentonceptsEachpair of arrangementef wordsreferto a dimensionof the ontology

Definition .7 (Term) Let and betwo setsof semanticallyconsistentvords with repectto
thesetof semantiaelationships

= s non m h pe n m h pon m holon m me on m

Considerthat and satisfythefollowing conditions:

1. Vu e : urefeistoaconcept

2.V € :due€e suchthat h pon mu V instanceu

3.V "e  3Juu e suchthat:

(@ h pon mu V instance u
(b) "h pon mu vV !instance v

c)v € "o ou o

Atermisaword¢ € . Termt canbedenoteddy (¢), whee g, calledthequalifier of ¢, satisfy
the condition:

€ (th pon m V tinstance )

Definition 1.8 (Domain SpecificOntology) A domainspecificontolagy is a collectionof ar-
rangementof semanticallyconsistenterms (n ), whee ead arrangement
(i n)characterizedimension of theapplicationdomain.
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Definition 1.9 (Specificationof a Path in an Arrangement of Terms) Let  (V ) bean
arrangemenif semanticallyconsistentermsrelatedto somearbitrary dimensiorof a domain
specificontolagy , wheeV isthesetof verticesof and isthesetof edgesof

Let (V ) bethe arrangementof the semanticallyconsistentonceptaisedas the quali-
fiersof thetermsorganizedn , wheeV isthesetofverticesof and thesetofedges

of

Anspecificatiorof a pathin is a sequencef termsof theform:

satisfyingthefollowing conditions:

1.4 €V suchthat € (n n)
2.3 €V suchthat € (n n)
3.ttt )eV (n n)

Definition 1.10 (UnambiguousReferenceto a Term) Let bea domainspecificontolagy and

t()= () () ()
bethe string correspondento the specificatiorof path

= (@) @) )

leadingto theterm (¢ ) in thearrangemeniof semanticallyconsistentermsfor somedimen-
sionof theontology

Thepath t ( )isanunambiguouseferencetotheterm (¢ )iff ¢ () isuniqueamongall
thestrings ¢ ( ') producedfromany path

in any arrangementof semanticallyconsistentermsin , by usingthe samemethodas that
usedto produce ¢ () from
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.2 Ontological coveragesand their relationships

The definitionsand theoremsin this sectioncan be summarizedas follows. Definition .11

saysthat an ontological coverageis a tuple of termsfrom a POESIA ontology Definition

|.12 statesthat the universalcoverageis the emptytuple. Definition .13 definesontological
coveragesencompassinglheoreml.4 shows thatthe universalcoverageencompassary other
coverageandTheoreml.5 shovsthattheencompaseelationshippmongontologicalcoverages
is transitive. Finally, equivalentontologicalcoveragesasstatedoy Definition1.14, reciprocally
encompassachother

Definition 1.11 (Ontological Coverage)Let

bea domainspecificontology, whee  (V ) ( n) is thearrangemenif semanti-
cally consistentermsfor dimension of ,V isthesetofverticesof and isthesetof
edgesof

Anontolagical coverage takenfrom  is anm-tuple
t t (m )
satisfyingthe condition:

Vt et t 3 (V ) € €V suchthatt €

Definition 1.12 (Universal Coverage) The universal coverage (denotedby ) is the empty
tuple  doesnt restrictthe applicationscopein any dimensiorof the ontology for the appli-
cationdomainit refeisto.

Definition 1.13 (Ontological CoveragesEncompassing)Let

C=t t an C'=t t' (nm )
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betwo ontolagical coveragestakenfromthe samedomainspecificontology

Let bethesetof semanticallyconsistentermsorganizedn thearrangemenofterms  for
anarbitrary dimensiorof

We saythat C' encompasses’ (denotecoyC' ) iff:

VYVt e C:3t € C suchthatt € t e t

Theorem 1.4 Theuniversal coverage encompasseany ontological coverage.
Proof:
It followsdirectlyfromdefinitionsl.12 and1.13.

Fromdefinitionl.12:
At e

Then,for anyontolagical coverage C’ takenfroman arbitrary domainspecificontology

At € suchthat 3t € C' such thatt (2)

Thesefore, accodingto (2) anddefinitionl.13theuniversal coverage ( ) encompassemy
ontolagical coverage, including itself.

Theorem 1.5 Theencompasselationshipamongontolagical coveragesdefinedwith respecto
a givendomainspecificontology is transitive

Proof:
LetC ,C andC bearbitrary coveragessud that

c Cc Cc C 3)
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Lett € C ( 1 ) bean arbitrary termof the coverage C'.

Fromequation(3) we havethefollowing deductions:

C C =Vt eC :3t €C suchthatt t (4)

C C =Vt eC :dt €C suchthatt t (5)

Then,fromequationg4) and (5), andthe transitivenes®f the encompasselationshipbe-
tweenwordsor terms(theoeml.3), we candeducehat

Vt e C :3dt € C suchthatt t (6)
Now supposehat
c ) (7)
We candeducerom(7) that
3t € C suchthat At € C satis in t t (8)

Whidh is a contradictionwith (6) derivedfrom(3).

Definition 1.14 (Ontological CoveragesEquivalence)Giventwo ontolagical coverages, C'
andC’, wesaythat C is equivalento C’, denotedoy C = (', iff:

c ¢ O C
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1.3 SerwicesCompositionin POESIA

This sectionpresentghe formal definitionsrelatedwith the compositionof servicesthatalso
appeaiin Chapter3, for summarizatiorpurposes.Definition I.15 describesa simple or com-

positeserviceasanactvity patternwith aname,anassociate@ntologicalcoveragejnputand

outputports,anda taskdefinition. Definitions|.16 to .19 describethe rulesfor the semanti-
cally consistentompositionof activity patternsjn termsof the interconnectiorof their input

andoutputports,andthe semantiaelationshipsamongtheir associate@ntologicalcoverages.
Aggregationandspecializatiorarethe basicoperationgor composingactiity patternsn pro-

cesseframavorksandto adaptheseramevorks(by takingappropriatespecializedrersionsof

their actvity patterns)whenbuilding processe$or specificneeds.For extensve descriptions
of thesedefinitions,seeSection3.4.

Definition 1.15 An activity pattern is a five-tuple:

( COV R O )

whee:

is the string usedasthe nameof
COV R istheontological coverage of
i.e., expressests utilization scope
is thelist of input parametes of
O is thelist of outputparametes of
describeghe processinghoresthat does

Definition 1.16 Activity pattern is anaggregationof theactivity patterns (n )
if thefollowing conditionsare verified(let i n i # for ead condition):

1.

2.
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Definition 1.17 Activity pattern is a specializationof theactivity pattern (corversely isa
genealizationof ) if thefollowing conditionsare verified:

1.

2.

Definition 1.18 A processframework is a directedgraph® (Ve ) satisfyingthe following
conditions:

1. V3 isthesetof verticesof ®
2. 4 isthesetof edgesof ¢

3. Vv € Vs : visanactivity pattern

N

4. (v V') € ¢ & v constituent v V V' specialization v
5. ®isacyclic

6. ® is connected

Definition 1.19 A processspecificationII(Vy 1) associatedwith a utilization scopeex-
pressedby an ontolagical coverage C' is a subgaph of a processframevork satisfyingthe
properties:

1. V(v o) e q:v constituent v

2. Vv € VH . N
(Av' € Vi such that (v V') € 1) = v is atomic

3.VveVg:COV R(v) =C



Annex |l

POESIA Architecture and
Implementation Issues

An informationsystemsupportinghe POESIAapproacthasthreecateyoriesof modulescom-
municatingthroughthe Internet:

Ontology services encapsulat®ntologiesandallow several applicationsto usetheseontolo-
gies. An ontology sener provides accessand adaptationrmeansfor several ontologies
in differentdomains.The sharingof ontologiesamongapplicationsenablesooperatie
processesjsingresourceslistributedacrosghe Weh

Application services supportthe definition, compositionand executionof services,usingdo-
main ontologiesprovided by ontology services. Compositeservices(i.e., cooperatie
processesarehandledasworkflows runningon the Weh A workflow is associatedvith
auniqueontology An ontology onthe otherhand,canbe associateavith severalwork-
flows. A workflow andeachoneof its componenservicesanddataflows areassociated
with ontologicalcoverageghatreferto termsof the sameontology The compositeser
vicesof agivenworkflow arealsohandledasworkflows, andareassociatedvith thesame
ontologyastheir parent.

Service brokers servicebrokersprovide facilities to searchfor servicesavailable on the Web
to fulfill specificneeds,which are expressedoy servicedescriptions(e.g., denotedin
DAML-Services[14]) andontologicalcoverages An ontologybroker hasthe capability
to adaptaprocesdgramenork to a particularneed by choosingheversionsof thecompo-
nentservicescompatiblewith theintendedontologicalcoverageof the desiredprocess.

Figure 1 illustratesthe role of ontology servicesand applicationserviceson supportinga
POESIAapplicationfor the agriculturedomain. Ontology  Server 1 providesthreeon-
tologiesfor differentbut overlappingdomains.TheSupply Chain Ontology is asubset
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of the Logistics

goodsto satisfyary kind of need(e.g.,food, enegy, water). The Agriculture
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Ontology . Theseontologiesreferto the productionanddistribution of

Ontology

in turn, hassomeintersectiornwith the specializatiorof the formerontologiesto theagriculture
realm. Eachof thesethreeontologiesis referredto by several workflows, for the respectie
applicationdomains.A givenworkflow, ontheotherhand,canonly beassociateavith oneon-
tology. Theassociatiorf theworkflow with theontologyis fundamentato enablehe POESIA
facilitiesfor managingheresourcesiecessaryo executethe workflow.

Agriculture Workflow 1 Ontology Server 1
- . Logistics

Service 1 Service 2 ” Workflows |- ‘ﬁogistics )

T TR e Ontology
= .()’_’zi':ii ------------ S 0 Ch N
: [ Workflows %--'-'-'-'-‘:-.-.-...0 ................ gl;?glg Chain
! Service 3 |—>| Service 4 | J o
! Q e
! R NPt Agriculture
: hd T P Ontology
1 T
1 R R 0
1 1
' Application Server 2 ! =/
1 1
! Services 3
. .
: Definitions Ii?sfri\:i%ii Application %"t°|°gzy
I z Server 1 erver
- —O<=f= . . Tool

@ External x/
Connections Je—» Internet
Local Data Services Manager - -
Execution Application
Iﬁ @ Engine Server 3 Services
Broker
Figurel: POESIASystemArchitecture
The Agriculture Workflow 1 is associatedvith the Agriculture Ontology

Figurel presentsomedetailsof this workflow onthetop left corner This workflow involves
the cooperationof 5 services. The dataconnectionsamongtheseservicesare indicatedby
arronvs. Thus,accordingto the figure, the outputof Service 1 is inputedin Service 2,
the outputof Service 2 is inputedin Service5, andsoon. The executionof theseservices
aresupportedy differentapplicationseners. Application Server 2 isresponsibldor
thedefinitionandexecutionof Service 1, Service 2, Service 5 andthecoordination
of the executionof all componentervicesof Agriculture Workflow 1. Onthe other
hand,Service 4 andService 5 areindividually definedandexecutedn Application
Server 1.
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Theinternalarchitectureof eachapplicationsener includes: (i) a ServiceDefinition Tool,
for building the definition of the servicesthat are provided by that applicationsener; (ii) a
ServicesExecutionEnging for executingthe local servicesand managingthe local datasets,
accordingwith the definitionsof the services;and(iii) an External ConnectiondManager, to
managehe connection®f local serviceswith externalserviceqi.e., supportedy otherappli-
cationseners)andontologyseners.

The OntoCuwer Java library, implementedn this thesis(seeChapter5), enableghe con-
structionand utilization of ontology views to managedataand servicesin POESIA applica-
tions. OntoCover will be usefulto implementontologyseners,applicationsenersand/orser
vice brokers. The exact points were the ontology views will be built (the ontology seners,
or the applicationsenersandservicebrokers),dependn more detailedsystemslesign,and
furtherexperimentdo determinghe mostappropriatesolutionsin practice.OntoCoer’sfacili-
tiesfor browsingontologyviews andmanagingontologicalcoverageslefinedover theseviews
arecertainlyusefulfor implementingapplicationseners. In this thesis,we incorporatedonto-
Cover in WOODSS(Workflow-basedDecisionSupportSystem),a tool that appliesscientific
workflows to procesggeographidatafor decisionmakingpurpose$214], in orderto evaluate
thefacilities provided by OntoCawer in a concreteworkflow system.The associatiorof onto-
logical coverageswith workflow activities anddatain WOODSSprovidesatestbedor theuse
of POESIAsemantiadescriptiondo organizethe resourcesequiredby cooperatre processes
involving geographiadata. However, WOODSSonly supportghe definition and executionof
workflowsin a centralizecervironment,i.e.,auniqueapplicationsener.

The designand implementationof servicebrokers, the full implementationof ontology
senersandapplicationseners,andthe completevalidationof the POESIAapproachijn agri-
cultureandotherdomains,areall left asfuture work. Otherchallengesncludetheinteroper
ability of workflows associatedavith differentontologiesandthe developmentor incorporation
of mechanism$or synchronizingcooperatre Web servicesn a POESIAsystem.



