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Abstract

Theintegrationof datafrom autonomousndheterogeneousourcesallsfor the prior identifica-
tion andresolutionof semanticconflictsthat may be present.Unfortunately this requiresthe system
integrator to sift throughthe datafrom disparatesystemsin a painstakingmanner In this paper
we suggesthat this processcan be (at least) partially automatedy presentinga methodologyand
techniquedor the discovery of potentialsemanticconflictsaswell asthe underlyingdatatransfor
mationneededo resohe the conflicts. Our methodologybegins by classifyingdatavalue conflicts
into two categories: contet independenand contet dependent. While context independenton-
flicts are usually causedoy unexpectederrors,the context dependentonflictsare primarily a result
of the heterogeneitpf underlyingdatasources.To facilitate dataintegration,datavalue corversion
rulesareproposedo describethe quantitatve relationshipsamongdatavaluesinvolving contet de-
pendentconflicts. A generalapproachs proposedo discover datavalue corversionrulesfrom the
data.Theapproacttonsistof five majorsteps:relevantattribute analysiscandidatanodelselection,
corversionfunctiongenerationgorversionfunction selectiorandcorversionrule formation. It is be-
ing implementedn a prototypesystemDIRECT, for businesdatausingstatisticsbasedechniques.
Preliminarystudyindicatedthatthe proposedpproachs promising.

1 Intr oduction

The problemof discorering and resolvingdatavalue conflicts for dataintegration hasbeenstudiedin
the context of heterogeneouandautonomouslatabasesystems.In an earlierwork, Dayal proposedhe
useof aggr@atefunctions,e.g. average, maximum,minimum, etc. to resole discrepancief attribute
values(Dayal 1983). DeMichiel proposedo usevirtual attributesandpartial valuesto solve the problem
of failing to mapanattribute valueto adefinitevalue(Demichiel1989).However, no detailsgivenhow to
map conflictingvaluesin to the commondomainof virtual attributes. Tseng,Chen,Yangfurthergener
alizedthe concepof partialvaluesinto probabilisticpartial valuesto capturethe uncertaintyin attributes
values(Tseng,Chen& Yang1993): The possiblevaluesof anattribute arelisted andgiven probabilities
toindicatetheirlikelihood.Lim, Srisvastaa andShekhaproposednextendedelationalmodelbasedn
DempstetShaferTheoryof Evidencdo dealwith thesituationwhereuncertairinformationarisewhenthe
databaséntegrationprocesgequireinformationnot directly representeih the componentiatabasebut
canbe obtainedhroughsomeof thedata(Lim, Srivastaa & Shekharl996). The extendedrelationuses
evidencesetsto representuncertaintyinformation,which allow probabilitiesto be attachedo subsetof
possibledomainvalues.ScheuermanandChongadopteda differentview of conflictingattribute values:



differentvaluesmeandifferentrolesthe attribute is performing(Scheuerman& Chong1994,Scheuer
mann,Li & Clifton 1996). Thereforejt is not necessaryo reconcilethe conflicts. Whatneededs to be
ableto useappropriatevaluesfor differentapplications.The work of Agarwal et. al addressethe same
problemaddressedh this paper:resolvingconflictsin non-key attributes(Agarwal, Keller, Wiederhold
& Saraswat 1995). They proposedan extendedrelationalmodel,flexible relationto handlethe conflict-
ing datavaluesfrom multiple sourcesNo attemptsveremadeto resole the conflictsby converting the
values.

As evidentfrom the aborve brief review, mostof the work in the existing literaturehave placedtheir
emphasi®ndetermininghevalueof anattribute involving semanticonflicts.In this paperwe arguethat
thoseconflictscausedy genuinesemantidheterogeneitganbereconciledsystematicallysingdatavalue
conversionrules.We proposedmethodologyandassociatetechniqueshat“mine” dataconversionrules
from dataoriginatingfrom disparatesystemghat areto be integrated. The approachrequiresa training
datasetconsistingof tuplesmeigedfrom datasourcedo be integratedor exchanged.Eachtuplein the
dataset shouldrepresent real world entity andits attributes (from multiple datasources)modelthe
propertiesof the entity. If semanticconflictsexist amongthe datasourcesthe valuesof thoseattributes
that modelthe samepropertyof the entity will have differentvalues. A mining procesdirst identifies
attribute setseachof which involves someconflicts. After identifying the relevant attributes,modelsfor
possiblecorversionfunctions,thecorepartof conversionrulesareselected The selectednodelsarethen
usedto analyzethe datato generatecandidatecorversionfunctions. Finally, a setof mostappropriate
functionsare selectecand usedto form the corversionrulesfor the involved datasources.A prototype
systenfor integratingfinancialandbusinesslata,DI RECT (DIscoveringandREconcilingConflicT's),
has beenimplementedusing statistics-basetkechniques. The systemusespartial correlationanalysis
to identify relevant attributes, Bayesianinformation criterion for candidatemodel selection,and robust
regressionfor conversionfunction generation.Conversionfunction selectionis basedon the supportof
rules.Experimentonductedisingarealworld datasetindicatedthatthe systemsuccessfullydiscorered
the cornversionrulesamongdatasourcesontainingboth context dependenandindependentonflicts.

The contrikutions of our work are asfollows. First, we adopteda simple classificationschemefor
semanticconflictswhich is more practicalthan previous proposaldrom practitioners’view. For those
contt dependentonflicts, proposeddatavalue corversionrulescaneffectively representhe quantita-
tive relationshipsamongthe conflicts. Suchrules,oncedefinedor discovered,canbe usedin resolving
the conflicts during dataintegration. Second,a generalapproachor mining the datacorversionrules
from actualdatavaluesis proposed Althoughthe useof corversionfunctionsto solve the semantichet-
erogeneityproblemhasbeenmentionedn theliterature(Sciore,Siegel & Rosenthall994),no detailsof
discavering suchfunctionswere not provided. Our approactcanbe partially (andin somecasesgven
fully) automated.Moreover, the proposedapproachminessuchrulesfrom the dataitself andrequires
limited priori knowledge.Theresultsof preliminaryexperimentshasbeenpromising.

The remainderof the paperis organizedasfollows. In Section2, we suggesthat conflictsin data
valuescan be cateyorizedinto two groups. We shav that (datavalue) corversionrules canbe usedto
describecommonly-encounteregluantitatve relationshipsamongdatagatheredrom disparatesources.
Section3 describesa generalapproachaimedat discovering corversionrules from actualdatavalues.
A prototypesystemthat implementsthe proposedapproachusing statisticaltechniquess describedn



Sectiond. Experiencewith a setof realworld datausingthe systemis discussedn Section5. Finally,
Section6 concludeghe papemwith discussionsn relatedandfuture work.

2 Data Value Conflicts and Conversion Rules

For our purposesgonflictssamongdatavaluescanbeof two types:contet dependentonflictsandcontext
independentonflicts.Context dependentonflictsrepresensystemiaisparitieswhich areconsequences
of conflictingassumptiongr interpretationsn differentsystems.In mary instancestheseconflictsin-
volve datacorversionsof a quantitatve nature:this present®pportunitiedor introducingdatacorversion
rulesthatcanbeusedfor facilitatingtheresolutionof theseconflicts. Contect independentonflicts,onthe
otherhand,areidiosyncratidn natureandareconsequencesf randomevents,humanerrors,or imperfect
instrumentationBy virtue of theiridiosyncraticnature thereareno systematigroceduregor resolving
contet independentonflicts. For simplicity, we shallonly be concernedvith context dependentonflicts
in this paper

2.1 Datavalue conflicts

To motivate our discussionwe begin with an example of dataintegration. A stock broker produces
managesininvestmeniportfolio for herclientsby constantlyscanningor opportunitiego divestin other
countersinformationon currentportfolio is generatedby somein-housanformationsystemandpresent
the stockscurrentlyheldby a customeiandtheir currentvalue. The broker relieson areal-timedatafeed
for updateson otherinvestmenbpportunitiesln our scenariostocksin thefirst sourceformsa subsebf
all instrumentghatarereportedn thesecondAs illustratedin Tablel, theremaybestockswhich canbe
foundin st ock (thedata-feedwhicharenotin st k_r pt (theportfolio heldby a customer).

Tablel: Exampletuplesfrom real-timedatafeed(stock) anddatageneratedby legag informationsource
(stk_rpt).

stock stk_rpt

stock curreny volume high low close stock  price volume value
100 1 438 100.50 91.60 93.11 100 65.18 438000 28548840.00
101 3 87 92.74 78.21 91.35 101 164.43 87000 14305410.00
102 4 338 6.22 5.22 5.48 102  31.78 338000 10741640.00
104 1 71  99.94 97.67 99.04 104 69.33 71000 4922430.00
111 0 311 85.99 70.22 77.47

115 2 489 47.02 41.25 41.28

120 3 370 23.89 21.09 22.14

Sincewe areprimarily concernedvith datavalue conflictsin this study we assumdhatthe schema
integration problemand the entity identification(Wang & Madnick 1989) problemare largely solved.
Thereforejt is understoodhatboth stk _rpt.price andstock.close arethe closingprice of a stockof the
day despitehaving differentattribute names.Similarly, both stock.volume andstk_rpt.volume arethe
numberof sharedradedduringtheday Furthermoreit is safeto assumehattwo entrieswith the same



key (stock) valuereferto the samecompan’s stock. For example,tuple with stok = 100 in relation
stock andtuplewith stok = 100 in relationstk_rpt referto the samestock.

With theseassumptionsit will be reasonabldo expectthat, for a tuple s|s € stock anda tuple
t|t € stk_rpt,if s.stock = t.stock, thens.close = t.price ands.volume = t.volume. However, from
the sampledata,this doesnot hold. In otherwords,datavalueconflictsexist amongtwo datasourcesin
generalwe candefinedatavalueconflictsasfollows.

Definition Giventwo datasourcesD S; and DS, andtwo attributes A; and A, thatreferto
the samepropertyof arealworld entity typein D.S; and DS, respectely, if ¢, € DS; and
to € DS, correspondo the samereal world objectbut ¢1.41 # t3.A2, thenwe saythata
datavalueconflictexistsbetweenDS; andDS,.

In the above definition, attributes A; and A, are oftenreferredassemanticallyequivalentattributes.
We referto the conflictin attribute valuesasvalueconflictsj Valueconflictsis thereforeaform of seman-
tic conflictandmayoccurwhensimilarly definedattributestake on differentvaluesin differentdatabases,
including synoryms, homoryms, different coding schemesjncompleteinformation, recordingerrors,
differentsystemgeneratedurrogatesandsynchronousipdategsee(Sheth& Kashyapl992)for aclassi-
ficationof thevariousincompatibilityproblemsin heterogeneousatabases).

While a detailedclassificatiorof variousconflictsor incompatibility problemsmay be of theoretical
importanceio some,|it is alsotrue thatover-classificatiormayintroduceunnecessargompleity thatare
not usefulfor finding solutionsto the problem. We adoptinsteadthe Occams razorin this instanceand
suggesthatdatavalueconflictsamongdatasourcesanbe classifiednto two categyories:contet depen-
dent andcontet independent.Context dependentonflictsexist becaus&atafrom differentsourcesare
storedandmanipulatedunderdifferentcontext, definedby the systemsandapplicationsjncludingphys-
ical datarepresentatiomnd databaselesignconsiderationsMost conflictsmentionedabove, including
differentdatatype andformats,units, andgranularity synoryms, differentcodingschemesre context
dependentonflicts.Onthe otherhand,contet independentonflictsarethoseconflictscausedy some-
how randomfactors suchaserroneousnput, hardwareandsoftwaremalfunctionsasynchronouspdates,
databasetatechangesauseddy externalfactors,etc. It canbe seenthat contet independentonflicts
are causeddy poor quality control at somedatasources.Suchconflictswould not exist if the dataare
“manufactured”in accordanceo the specification®f their owner. Onthe contrary datavaluesinvolving
contet dependentonflictsareperfectlygooddatain theirrespectie systemsandapplications.

Therationalefor our classificatiorschemdies in the obserationthatthetwo typesof conflictscom-
manddifferentstratgiesfor their resolution.Contet independentonflictsaremoreor lessrandomand
non-deterministichencecannotbe resoled systematicallyor automatically For example,it is very dif-
ficult, if notimpossibleto definea mappingwhich cancorrecttypographicakrrors.Humanintervention
andadhocmethodsareprobablythebeststratgy for resolvingsuchconflicts.Onthecontrary contet de-
pendentonflictshave morepredictablebehaior. They areuniformly reflectedamongall corresponding
realworld instancesn theunderlyingdatasourcesOncea context dependentonflicthasbeenidentified,
it is possiblao establistsomemappingfunctionthatallows the conflictto be resolved automatically For
example,a simpleunit corversionfunctioncanbe usedto resole scalingconflicts,andsynoryms canbe
resoledusingmappingtables.



2.2 Datavaluecornversionrules

In this subsectionwe definedata value corversion rules (or simply corversion rules which are used
for describingquantitatve relationshipsamongthe attribute valuesfrom multiple datasources For ease
of exposition, we shall adoptthe notationof Datalogfor representinghesecorversionrules. Thus, a

corversionrule takestheform head < body. The headof therule is a predicaterepresenting relation
in onedatasource. The body of a rule is a conjunctionof a numberof predicateswhich caneitherbe

extensionalrelationspresentin underlyingdatasourcespr builtin predicatesepresentingrithmeticor

aggregatefunctions.Someexamplesof dataconversionrulesaredescribedelow.

Example: Fortheexamplegivenatthebeaginningof this sectionwe canhave:

stk rpt(stod, price, volume value)«+
exchange-rate(curengy, rate),stok(stok, currency volumein_K, high, low, close),
price = close* rate volume= volumein_K * 1000,value= price* volume

Example: For conflicts causedoy synoryms or differentrepresentationst is always possibleto
createlookup tableswhich forms part of the conversionrules. For example,to integratethe datafrom
two relations D, .student(sidsname major) and Dy.employee(eidename salary) into a new relation
D, .stdemp(id,name major, salary) we canhave arule

D .std emp(id,name major, salary)«
D;.student(idname major), Dy.employee(eichame salary), D .sameperson(id,eid)

wheresame_person is arelationthat definesthe correspondencketweenthe studentid andemplg/ee
id. Whenthesizeof thelookuptableis small,it canbedefinedasruleswithoutbodies.Onewidely cited
exampleof conflictsamongstudenigradepointsandscoresanbe specifiedby thefollowing setof rules:

D .student(idname grade)+ Ds.student(idname scoe), scoe_grade(scoe, grade).
scoe-grade(4,A").
scoe-grade(3,B’).
scoe-grade(2,'C).
scoe-grade(1,D’).
scoe-grade(0,'F’) .

Oneimportanttype of conflictsmentionedn literaturein businessapplicationsis aggreation con-
flict (Kashyap& Sheth1996).Aggregationconflictsarisewhenanaggr@ationis usedin onedatabas¢o
identify a setof entitiesin anotheratabaseTo beableto defineconversionrulesfor attributesinvolving
aggreyationconflicts,we canextendthetraditionaldatalogto includeaggreatefunctions.For example,

salessummary(partsales)« sales(datecustomerpart, amount) sales= SUM(part,amount).

canbeusedo resohetheconflictsbetweersales_summary andsales, wheresales_summary.sales
is thetotal salesfor a particularpartin the sales table.Here,SU M (part, amount) is anaggrgatefunc-
tion with two arguments. Attribute part is the group — by attribute and amount is the attribute on



which the aggrgatefunctionapplies.In generalanaggrgatefunctioncantake n + 1 attributeswhere
the lastattribute is usedin the aggr@ationandothersrepresenthe “group-by” attributes. For example,
if the sales_summary is definedasthe relationcontainingthe total salesof differentpartsto different
customersThecornversionrule couldbe definedasfollows:

salessummary(partcustomersalesyk—
sales(datecustomermpart, amount) sales= SUM(part,customeramount).

We like to emphasizéhatit is not our intentionto amgue aboutappropriatenotationsfor datavalue
conversionrulesandtheir respectie expressie power. For differentapplicationdomainsthe comple-
ity of quantitatve relationshipsaamongconflictingattributescould vary dramaticallyandthis will require
corversionruleshaving differentexpressie power (andcompleity). Theresearchreportedhereis pri-
marily drivenby problemseportedor thefinancialandbusinesslomainsfor theseypesof applications,
asimpleDatalog-lile representatiohasbeenshavn to provide morethanadequateepresentationg-or
otherapplicationge.g.,in therealmof scientificdata),theform of rulescouldbe extended Whatever the
casemaybe,theframavork setforth in this papercanbe usedprofitablyto identify conversionrulesthat
areusedfor specifyingtherelationship@amongattribute valuesinvolving context dependentonflicts.

3 Mining Conversion Rulesfrom Data

In this sectionwe describeour approactfor circumentingsemantiaconflictsis to discorer datacornver
sionrulesfrom datathatareredundantlypresenin multiple overlappingdatasources.The methodology
underlyingthis approachs depictedschematicallyn Figurel andhasbeenimplementedn a prototype
system.Thesystenmconsistof two subsystemdData Prepamtion andRuleMining. Thedatapreparation
subsystenpreparesa dataset— the training data set— to be usedin the rule mining process.Therule
mining subsystenanalyzeghetraining datato generateandidatecorversionfunctions. The datavalue
conversionrulesarethenformedusingthe selectedorversionfunctions.

3.1 Training data preparation

The objective of this subsystemis to form a training datasetto be usedin the subsequentining pro-
cess.Thetraining datasetshouldcontaina sufiicient numberof tuplesfrom two datasourceswith value
conflicts,thatis, tuplesreferringto the samereal world entity but having differentvaluesfor the same
property(attribute).

To determineif two tuplest;,t; € DS, andts, ts € DS, representhe samereal world entity is
an entity identificationproblem. In somecasesthis problemcanbe easilyresohed. For example,the
commonkeys of entities,suchasa persons socialsecuritynumberandacompan’s registrationnumbey
canbeusedo identify thepersoror thecompan in mostof thecasesHowever, in large numberof cases,
entity identificationis still aratherdifficult problem(Lim, Srivastaa, Shekhak Richardsorl993,Wang
& Madnick1989).To determinevhetherntwo attributesA; and A, in ¢; andé, modelthesamepropertyof
theentity is sometimeseferredto asthe attribute equivalencgoroblem.This problemhasreceved much
attentionin theschemantegrationliterature(seefor instance(Chatterjee& Segev 1991,Larson Navathe
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Figurel: Discoveringdatavaluecorversionrulesfrom data

& Elmasri1989,Litwin & A.Abdellatif 1986)). One of the major difficulties in identifying equivalent
attributeslies in the fact that the anomalycannotbe simply determinedby the syntacticor structural
informationof the attributes. Two attributesmodelingthe samepropertymay have differenthnamesand
different structuresbut two attributes modelingdifferent propertiescan have the samenameand same
structures.

In our study we will not addresghe entity identificationproblemand assumehat the datato be
integratedhave commonidentifierssothattupleswith the samekey representhe samerealworld entity.
This assumptions not unreasonabld we aredealingwith a specificapplicationdomain. Especiallyfor
training dataset,we canverify the datamanuallyin the worst case.As for attribute equivalence,aswe
canseelater, therule mining processasto implicitly solve partof the problem.

3.2 Datavalue corversionrule mining

Like ary knowledgediscovery processthe processof mining datavalue conversionrulesis a comple
one. More importantly the techniquego be usedcould vary dramaticallydependingon the application
domainandwhatis known aboutthe datasources.In this subsectionye will only briefly discusseach
of themodules.A specificimplementatiorfor financialandbusinesslatabasedon statisticatechniques
will bediscussedh thenext section.

As shavn in Figure 1 the rule mining processconsistsof the following major modules: Relerant
Attribute Analysis,CandidateModel Selection,Conversion Function Geneation, Corversion Function
Selectionand Corversion Rule Formation. In caseno satishctory conversionfunctionsarediscovered,
trainingdatais reoiganizedandthe mining processs re-appliedo confirmthatthereindeedno functions
exist. The systemalsotries to learnfrom the mining processby storing usedmodel and discovered



functionsin a databaséo assistatermining actiities.

3.2.1 Relevant attrib ute analysis

Thefirst stepof themining processs to find setsof relevantattributes. Theseareeitherattributesthatare
semanticallyequivalentor thoserequiredfor determininghevaluesof semanticallyequivalentattributes.
As mentioneckarlier semanticallyequivalentattributesreferto thoseattributesthatmodelthe sameprop-
erty of an entity type. In the previous stock and stk_rpt example,stock.close and stk _rpt.price are
semanticallyequivalentattributesbecausdoth of themrepresenthelasttradingprice of theday Onthe
otherhand,stock.high (stock.low) andstk_rpt.price arenot semanticallyequvalent,althoughboth of
themrepresenpricesof a stock,have the samedatatypeanddomain.

Theprocesof solvingthis attribute equivalenceproblemcanbe conductedattwo levels: atthe meta-
datalevel or atthe datalevel. At the metadatdevel, equivalentattributescanbeidentifiedby analyzing
the availablemetadatasuchasthe nameof the attributes,the datatype, the descriptionof the attributes,
etc. DELTA is an exampleof sucha system(Benklgy, Fandozzi,Housman& Woodhousel995). It
usesthe available metadataaboutattributesand convertstheminto text strings. Finding corresponding
attributesbecomesa procesf searchingor similar patternsin text strings. Attribute equivalencecan
alsobe discoreredby analyzingthe data. An exampleof sucha systemis Semint(Wen-SyarLi 1994),
wherecorrespondingttributesfrom multiple databaseareidentifiedby analyzingthe datausingneural
networks. In statistics techniquesave beendevelopedto find correlationsamongvariablesof different
datatypes.In ourimplementatiordescribedn thenext section partial correlationanalysiss usedto find
correlatechumericattributes. Of course gquivalentattributescould be part of availablemetadataln this
casetheanalysishecomes simpleretrieval of relevantmetadata.

In additionto finding the semanticallyequivalentattributes, the relevant attributesalsoincludethose
attributesrequiredto resole the datavalue conflicts. Most of the time, both metadataand datawould
containsomeusefulinformationaboutattributes. For example,in relationstock, the attribute currency
in factcontainscertaininformationrelatedto attributesiow, high andclose. Suchinformatie attributes
are often usefulin resolvingdatavalue conflicts. The relevant attribute setsshouldalso containsuch
attributes.

3.2.2 Conversionfunction generation

With agivensetof relevantattributes { A1, ... Ax, Bi, ...B; } with A; andB; beingsemanticallyequivalent
attributes,the cornversionfunctionto bediscovered

Al = f(317 ""BlaA27 "'7Ak:) (1)

shouldholdfor all tuplesin thetrainingdataset. Thecornversionfunctionshouldalsoholdfor otherunseen
datafrom the samesources.This problemis essentialljthe sameasthe problemof learningquantitatie
laws from the givendataset,which hasbeena classicresearclareain machindearning.Varioussystems
have beenreportedin the literature(Langley, Simon,G.Bradsher & Zytkow 1987,Kokar 1986, Wu &
Wang 1991, Zytkow & Baker 1991) Statisticianshave also developedboth theoriesand sophisticated



techniquedo solve the problemsof associationeamongvariablesand predictionof valuesof dependent
variablesfrom thevaluesof independentariables.

Mostof thesystemandtechniquesequiresomeprior knowvledgeabouttherelationshipgo bediscor-
ered,whichis usuallyreferredasmodels.With the givenmodels the datapointsaretestedo seewhether
the datafit the models. Thosemodelsthat provide the minimum errorswill be identifiedasdiscorered
laws or functions. We divided the taskinto two modules the candidatenodelselectionand corversion
functiongeneration.Thefirst modulefocuseson searchindgor potentialmodelsfor the datafrom which
the corversionfunctionsareto be discorered. Thosemodelsmay containcertainundefinecpbarameters.
Themaintaskof the secondnoduleis to have efficient algorithmsto determineghe valuesof the param-
etersandthe goodnes®f the candidatenodelsin thesemodels.Thetechniqueslevelopedin otherfields
couldbe usedin both modules.Userknowledgecanalsobeincorporatednto the system.For example,
themodelbaseis usedto storepotentialmodelsfor datain differentdomainssothatthe candidatanodel
selectiormodulecansearchthe databaséo build the candidatemodels.

3.2.3 Conversionfunction selectionand cornversionrule formation

It is often the casethat the mining processggeneratesnore thanone corversionfunctionsbecausat is
usuallydifficult for the systemto determinethe optimalones.The corversionfunction selectionmodule
needgo develop somemeasuremertr heuristicsto selectthe conversionfunctionsfrom the candidates.
With the selectedunctions,somesyntactictransformationgreappliedto form the datacorversionrules
asspecifiedn Section2.

3.2.4 Training datareorganization

It is possiblethat no satishctorycorversionfunctionis discoreredwith a givenrelevant attribute setbe-
causeno suchcorversionfunction exists. However, thereis anotherpossibility from our obserations:
the conflict cannotbereconciledusinga singlefunction, but is reconcilableusinga suitablecollectionof

differentfunctions. To accommodatéor this possibility our approachincludesa training datareogani-
zationmodule.Thetrainingdatasetis reoiganizedvheneer a singlesuitablecorversionfunctioncannot
befound. Thereoganizationprocessusuallypartitionsthe datainto a numberof partitions. The mining

processs thenappliedin attemptingo identify appropriatdunctionsfor eachof the partitiontakenoneat
atime. This partitioningcanbedonein a numberof differentwaysby usingsimpleheuristicsor comple

clusteringtechniques.In the caseof our implementatiorn(to be describedn the next section),a simple
heuristicof partitioningthe datasetbasedon cateyorical attributespresentin the datasetis used. The
rationaleis, if multiple functionsexist for differentpartitionsof data,datarecordsin the samepartition
musthave somecommonproperty which may bereflectedby valuesassumedby someattributeswithin

the databeinginvestigated.

4 DIRECT: A Prototype System

The stratgy which we have describedin the precedingsectionhasbeenimplementedn a prototype
system,DIRECT (Dl scovering and REconciling ConflicTs), thus allowing the proposedmethodology



andtechniquedo be verified both experimentallyandin the contet of a real application. The systemis
developedwith a focuson financialand businessdatafor a numberof reasons.First, the relationships
amongthe attribute valuesfor financialandbusinesdataarerelatively simplercomparedo engineering
or scientificdata.Most relationshipsarelinearor productsof attributes.® Secondpusinesslatado have
somecomple factors. Most monetaryfiguresin businessdataare roundedup to the unit of curreng.
Suchroundingerrorscanbe viewed asnoisesthat aremixed with the value conflictscauseddy context.
As such,our focusis to develop a systemthat candiscover conversionrulesfrom datawith noises.The
basictechniguesisedarefrom statisticsandthe corepart of the systemis implementediusing S-Plus,a
programmingervironmentfor dataanalysis.In this section,we describethe major statisticaltechniques
usedin thesystem.

4.1 The basictechniques

DIRECT usesPartial Correlation Analysis(PCA) to identify relevant attributessinceit is well known
that properly used,partial correlationanalysiscan uncover spuriousrelationshipsjdentify intervening
variablesanddetecthiddenrelationshipghatarepresenin a dataset.

It is importantto take notethat correlationand semanticequivalencearetwo differentconcepts.A
persors heightandweight may be highly correlated but are semanticallydistinct. However, sincese-
manticconflictsarisefrom differencesn therepresentatioschemesndthesedifferencesareuniformly
appliedto eachentity, we expecta high correlationto exist amongthe valuesof semanticallyequivalent
attributes. Partial correlationanalysiscanat leastisolatethe attributesthatarelik ely to be relatedto one
anotheffor furtheranalysis.

In orderto discorer quantitatve relationshipsamongthe identified relevant attributes, anotherwell
known statisticatechniqueregressioranalysiss implementn DIRECT. To dealwith noisesn data,such
asroundingerrors,weimplementedhe LeastTrimmedSquaregLTS) regressiommethod(Rousseeuv&
Hubert1997). LTS regressionunlike the traditionalLeastSquarg(LS) regressiorthattriesto minimize
the sumof squaredesidualsof all datapoints,minimizesa subsebf the orderedsquaredesidualsand
leave out thoselarge squaredresiduals therebyallowing the fit to stay away from thoseoutliers and
leveragepoints. Comparedwith otherrobust techniqueslike LeastMedian Sgaure(LMS) regression,
LTS alsohasa very high breakdavn point: 50%. Thatis, it canstill give a good estimationof model
parametergven half of the datapointsare contaminatedMore importantly a fasteralgorithmexiststo
estimatehe parameteréBurns1992).

4.2 Bayesianinformation criterion basedcandidatemodelselection

Givena setof relevant attributes,a modelis requiredbeforeperformingregression.The modelspecifies
the numberof attributesthat shouldactually be includedand the basicrelationshipamongthem, e.g.,
linear, polynomial,logarithmic,andetc. Therearea numberof difficultiesregardingselectinghe model
for regression.First, with n independenattributes,a modelcaninclude 1 to n attributeswith ary com-
binations. Thatis, evenjust consideringthe linear functions,therecould be a large numberof possible
models.Secondijt is oftenthe casethat,a given datasetcanfit into morethanonemodel. Someof them

SAggregationconflictsarenot consideredn this paper
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areequallygood. Third, if thereis in factno valid model,the regressiommay still try to fit the datainto
themodelthatmaygive thefalseimpressiorthattherelationshipgivenis valid.

A numberof techniqueshave beendevelopedto automaticallyselectand rank modelsfrom a set
of attributes (Miller 1990). Recently Rafteryintroducedthe BIC, Bayesianinformation Criterion, an
approximateo Bayesfactorsusedto comparegwo modelsbasecon Bayess theorem(Raftery1995).For
differentregressiorfunctions,the BIC takesdifferentforms. In the caseof linearregression,BIC;, of a
modelM;, canbecomputedas

BIC = Nlog(1 — R2) + pilogN 2)

whereN is thenumberof datapoints, RZ is the valueof adjustedRr? for modelM;, andpy, is thenumber
of independenattributes. Usingthe BIC' valuesof models,we canrank the models. The smallerthe
BIC is, the betterthe modelis to fit the data. Oneimportantprinciple in comparingtwo nestedmnodels
is so called Occams Window. For two models, M and My, wherek is the numberof independent
attrinutes. The essentialdeais that, if M} is betterthan M, model M}, is removed. However, if
model My 1 is better it requiresa certain”difference”betweertwo modelsto causeM), to beremoved.
Thatis, thereis anarea,the Occam$ Window, where M, is betterthan M} but not betterenoughto
causeM;, beingremoved. The sizeof Occams Window canbe adjusted.SmallerOccams Window size
will causamoremodelsto beremored,aswe canseefrom the examplegivenin the next subsectionThe
following proceduréhighlightsthis candidatanodelselectiorprocess.

1. Givenasetof relevantattributes,form the candidatenodelsetby includingall possiblemodels;

2. Fromthecandidatenodelset,remove all themodelsthatarevastlyinferior comparedo themodel
which providesthe bestprediction;

3. Remwethosemodelswhichreceve lesssupportrom thedatathanary of their simplersubmodels,
i.e., modelswith lessindependenattributes;

4. Whene&eramodelis removedfrom thecandidatanodelsetin theabove two stepsall its submodels
arealsoremoved.

4.3 Acceptancecriteria of generatedconversionfunctions

Sinceregressioncan always generatesomecorversionfunctionsgiven a dataset,one key issuein our
implementatioris to find the criteriathatcanbe usedto determinethe genuinecorversionfunctions. To
addresghis issueof acceptanceriterion, we defineda measuresupport, to evaluatethe goodnes®f a
discoreredregressiorfunction(corversionfunction)basednrecentwork of Hoeting,RafteryandMadi-
gan(Hoeting,Raftery& Madigan1995). A functiongeneratedrom the regressionanalysisis accepted
asa corversionfunctiononly if its supportis greaterthana userspecifiedhresholdy. The support of a
regressiorfunctionis definedas

! ol _
support = Count{yJ(round(\yJZv yi|)/scale) <= €} @)
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where; € (1, N), y; istheactualvalueof thedependerattributesfor thei,, point,y; is thepredictedvalue
of thedependentalueusingthefunctionfor thei,, point, e is auserdefinedparametethatrepresentthe
requiredpredictionaccurayg, N is the numberof thetotal pointsin the datasetand Count is afunction
thatreturnsthe numberof datapointssatisfyingthe conditions.scale in Equation3 is a robust estimate
of theresidualsrom theregressiorfunction,definedasfollows:

scale = 1.4826 * median(abs((Y —Y') — median(Y —Y"))) 4)

wheremedian() is afunctionthatreturnsthe medianvalueof its vector Y andY’ arethe vectorof the
actualvalueandthe predictedvalueusingtheregressiorfunctionfor the dependenattribute respectiely.
Figure2 summarizeshe proceduref corversionfunctiongeneration.

corversion function Generation
Input: TrainingdatasetD, CandidatenodelsetM, ¢, +.
Output: Setof the conversionfunctions: F'.

F={}
foreachmodelm € M do
PerformLTS regressiorusingD andm to obtainaregressiorfunction f;
Computescale usingEquationd for D;
Computesupport usingEquation3 with givene;
if support > ythenF =F +{f};

Figure2: Proceduref conversionfunctiongeneration

The support indicatesthe percentag®f datapointswhoseresidualsarewithin certainrangeof the
scaleestimate¢ * scale. In otherwords,thosepointswith residualggreaterthane x scale areidentified
asoutliers. To determinewhethera regressionfunction shouldbe accepteduserspecifiesa minimum
support;y. Thesystemonly generatethosefunctionswith support > «. Two parameters; and~y have
differentmeanings.e in fact specifieghe requirmentof the corversion precisionrequired in our case.
Takingsimpleunit conversionasanexample.Onefoot is equalto 0.3048meters.If two lengthattributes
L, and Ly in two datasourcesarerepresentedh foot and meterrespectiely, becauseof the effect of
rounding,valuesof Ly correspondindgo L; = {10000, 1000, 100} will be { 3048.0,304.8,30.5}. A
conversionfunction

Ly =0.3048 * Ly (5)

is the correctfunction althoughthe point (100, 30.5) doesnot lie on the line. It cannotbe viewed asa
genuineoutlier. With properlyspecifiece value,thesupportof Equation5 canbestill 100%.0Ontheother
hand,y reflectsour confidenceo the quality of data: withy < 1, weare prepaedto acceptthefact that
there will be at least N x (1 — ) erroneousdata points. Of course this is only valid if we have good
estimateof e. A goodpracticeis to first seta bit low « anda bit tight € sothatsomecandidateunctions
could be generatedven with large numberof outliers. Dependingon whetherthe detectedoutliersare
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genuineoutliersor datapointsstill with acceptabl@ccuray, thevalueof e and~y canbeadjusted.

4.4 A running examplewith synthetic data

To illustrate the workings of the prototypesystem,we presentherethe detailedresultsobtainedfrom
DIRECT whena syntheticdatasetis usedasthe training data. The dataset simulatesthe stock data
integration procesanentionedat the beginning in this paper: A broker receves stockinformationand
integratesit into his/herown stockreport. For this experiment we createda datasetof 6000tuples.The
attributesandtheirdomainarelistedin Table2

Table2: Examplerelations

[ Attr. No. | Relation

Name [ ValueRange |

Al stock,stkrpt | scode [1,500]

A2 stk.rpt price stock.close*gchangerate[stock.currend
A3 stkrpt volume | stock.wlume* 1000

A4 stk.rpt value stk_rpt.price* stk rpt.volume

A5 stock curreny | 1,2,3,4,5,random

A6 stock volume | 20-500,uniform distribution

A7 stock high [stock.closel.2*stock.close]

A8 stock low [0.85*stock.closestock.close]

A9 stock close [0.50,100], uniformdistribution

4.4.1 Relevant attrib ute analysis

The zero-ordercorrelationanalysiswasfirst appliedto the training data. If the correlationefficient be-
tweentwo attritutesis greaterthan the threshold,which wassetto 0.1 in the experiment,they were
consideredelevant. Theresultsandrelevantattribute setsareshavn in Table3.

Table3: Correlationcoeficientsfrom the zero-Ordelcorrelationanalysis

A6 A7 A8 49 Set | Attribute [ CorrelatedAttributes
A2 || 0.0291| 0.3933| 0.4006| 0.4050 1 A3 A6
A3 || 1.0000| -0.0403| -0.0438| -0.0434 2 A4 | A6, AT, A8, A9
A4 || 0.3691| 0.2946| 0.2994| 0.3051 3 A2 A7, A8, A9

Partial correlationanalysiswas conductedoy controlling A6, A7, A8 and A9 in turn to seewhether
therearemoreattributesthat shouldbe includedin the obtainedrelevant attribute sets. In this example,
therewereno suchattributes;andtherelevantattribute setsremainedhe same.
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4.4.2 Candidate modelselectionand corversion function generation

Eachof therelevantattribute setswasusedto generateornversionfunctionsin turn. Setl containsonly
two variables.Thereis only onepossiblemodel(A3 = A6) thatgenerates

A3 = 1000  A6. (6)

with 100%support:

Set2 consistdive attributes, A4, A6, A7, A8, and A9 A4 is correlatedo four otherattributes. With-
outary prior knowledge,andconsideringonly linear modelwith first-orderandsecond-ordeterms(an
acceptablg@racticefor mostfinancialandbusinessiata) theinitial modelincludesall theattributes.

Ad = A6 + AT + A8 + A9 + A6x AT + A6x A8 + A6+ A9 + AT« A8 + AT+ A9 + A8+ A9 (7)

Table4: Resultsof modelselectiorfor attribute set2

Window size | Modelselected

20 A4 = A6 x A9

30 A4 = A6 x A9

40 A4 = A6 x A9; A4 = A7 + A6 = A9;
A4 = A8 + A6 = A9; A4 = A9 + A6 = A9;

60 A4 = A6 = A9; A4 = A7 + A6 = A9;
A4 = A8 + A6 = A9; A4 = A9 + A6 = A9;
A4 = A6 x A9 + AT x A8; A4 = A6 x A9 + A8 x A9

Table4 lists the outputof the modelselectionrmodulefor differentOccams Window sizes.It canbe
seenthatwith largerwindow size,the numberof candidatanodelsselectedncreasesindmoreattributes
wereincludedin the model. Whenwindow sizeis 20 and30, only onemodelwith attributes A6 and A9
wasselectedWhenthewindow sizeincreasedo 40, four modelswereselectedandattributes A8 and A7
appearedh someof themodels.

Table5: Functionsdiscoveredfor selectednodels

Model Functiongenerated Support(%)
A4 = A6 x A9 A4 = 708.04 % A6 x A9 81.73
Ad = AT + A6 x A9 A4 = 9980« A7 + 678.05% A6 x A9 81.22
A4 = A8 + A6 x A9 A4 = 10875.13x A8 + 685.14 % A6 * A9 81.08
A4 = A9 + A6 = A9 A4 = 9970.88x A9 + 677.84% A6 = A9 81.31
A4 = A6 x A9 + AT x A8 | A4 = 685.90 % A6 x A9 + 102.15x A7 * A8 81.54
A4 = A6 x A9 + A8 x A9 | A4 = 681.94x A6 x A9 + 127.34% A8 = A9 81.58

In the conversionfunction generatiornprocessthe selectednodelwas usedto generatecorversion
functions.For themodelsin Table4, thesystemin factdid notreportary functions.By furtherexamining
theprocesswefoundthatall themodelsresultedn functionswith supportowerthanspecifiedhreshold,

14



Tableb.

As illustratedin Figure 1, whena selectednodel doesnot generateary single conversionfunction
with suficientsupportthereis a possibilitythatthereexist multiple functionsfor the dataset. To discover
suchmultiple functions,the datasetshouldbe reoganized.In our implementationa simple heuristicis
used thatis, to partitionthe datausingcateyoricalattributesin the dataset. After the datawaspartitioned
basedn a cateyorical attribute A5, themodelselectedcareshavn in Table6.

Table6: Modelsselectedor partitioneddata

Window size | Modelselected

20 A4 = A6 x A9

40 A4 = A6 x A9

60 A4 = A6 x A9; A4 = A6 + A6 = A9;
A4 = A7 + A6 = A9; A4 = A8 + A6 = A9;
A4 = A9 + A6 x A9; A4 = A6 x AT + A6 x A9;
A4 = A6 x A8 + A6 x A9; A4 = A6 x A9 + AT x AS8;
A4 = A6 x A9 + AT x A9; A4 = A6 x A9 + A8 x A9

Thecorversionfunctiongeneratiormoduleestimateshe coeficientsfor eachof the modelsselected
for eachpartition. Thereis only onecorversionfunctionreportedfor eachpartition, sinceall the coefi-
cientsfor thetermsotherthanA6 * A9 werezero.Theresultsaresummarizen Table?7.

Table7: Thecorversionfunctionsgeneratedrom Set2 and3

Corversionfunctionsfor A4 Corversionfunctionsfor A2
A5 | Conversionfunction | Support (%) A5 | Corversionfunction | Support(%)
0 | A4 = 400 x A6 x A9 100 0 | A2 = 04 x A9 100
1 | A4 = 700 x A6 = A9 100 1 | A2 = 0.7 = A9 100
2 A4 = 1000 * A6 x A9 100 2 | A2 = 1.0 x A9 100
3 | A4 = 1800 * A6 x A9 100 3 | A2 =18 x A9 100
4 | A4 = 5800 * A6 x A9 100 4 | A2 = 5.8 x A9 100

Theprocesdor relevantattribute Set3: { A2, A7, A8, A9} is similarto whatdescribedor Set2. The
initial modelusedis

A2 = AT + A8 + A9 + AT x A8 + AT % A9 + A8 * A9 (8)

andthe model selectionmoduleselectedl0 modelswithout producingfunctionswith enoughsupport.
Usingthe datasetspartitionedusing A5 andthe corversionfunctionslistedin Table7 wereobtained.

4.4.3 Conversionfunction selectionand data corversion rule formation

Sincethereis only onesetof candidatdunctionsobtainedfor eachsetof relevantattribute setwith 100%
support. The functionsgeneratedvere selectedo form the dataconversionrules. By somesyntactic
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transformationye canobtainthefollowing datacorversionrulesfor our example:

stk rpt(stod, price, rpt_volume value)«—
stok(sto, currency stk volume high, low, close),
price = rate* close rpt_volume= 1000* stk.volume
value= rate* 1000* stk volume* close exchange rate(curency rate).
exchangerate(0,0.4).
exchangerate(1,0.7).
exchangerate(2,1.0).
exchangerate(3,1.8).
exchangerate(4,5.8).

It is obviousthatthe discoveredrule canbe usedto integratedatafrom stock to stk_rpt.

5 Experiencewith arealworld data set

In thissectionwe presentheexperimentatesultsonasetof realworld datausingthesystendescribedn
theprevioussection.Themotivationfor this exerciseis to demonstratéhatthetechniquesindframenork
remainapplicablein the context of areal-world application.

The datausedin this experimentwas collectedfrom a tradingcompary. Eachrecordconsistsof 10
attributes. Attribute A1 to A8 arefrom atransactiordatabasel’(month,invoice no, amount,salestype
GSTrate currency exchange rate GSTamoun), which recordsthe detailsof eachinvoice billed, hence
all theamountsnvolved arein theoriginal curreng. Attribute A9, C.amount is extractedfrom a system
for cost/profitanalysiswhich captureghesaledigurein local curreng exclusive of tax. Finally, attribute
A10, A.amount, is from the accountingdepartmentA, whereall the monetaryfiguresarein the local
curreng. Therefore althoughattributes A3, A9 and A10 have the samesemanticsi.e., all referto the
amountbilled in aninvoice, their valuesaredifferent. Thatis, value conflict existsamongthe attributes.
Fromthecontet of the businessthefollowing relationshipamongthe attributesshouldexist:

A.amount = T.amount x T.exchange_rate. (9)
C.amount = (T.amount — T.GST _amount) * T.exchange_rate (20)
= A.amount — T.exchange_rate * T.GST _.amount. (1))

The goodsand servicetax (GST), is computedbasedon the amountchaged for the salesof goodsor
services.As C.amount is in thelocal curreng andall transactiordataarein the original curreng, we
have the following relationship:

T.GST -amount = C.amount/T.exchange_rate * T.GST _rate (12)

whereGST ratedependon the natureof businessandclients. For example,exportsareexemptedfrom
GST (tax rateis 0%) anddomesticsalesaretaxedin afixedrateof 3%in our case.
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Thetraining datasetcollectedcontains7,898tuplescorrespondindo the invoicesissuedduring the
first 6 monthsof afinancialyear Thediscovery processandtheresultsaresummarizedn thefollowing
subsections.

5.1 Identifying relevant attrib ute sets

As our currentsystenonly worksfor numericdata,the cateyorical attributesarenotincludedin analysis.
Thatis, amongeightattributesfrom datasourcel’, only attributes A3, A5, A7 and A8 aretakeninto the
correlationanalysis. The resultsof partial analysisindicatedthatboth A9 and A10 arehighly relatedto
all four attributes(Referto AppendixA.1 for the details).

5.2 Conversionfunction generation
Thecorversionfunctiongeneratiomprocesgproducedhefollowing functionswith 100%support.

A10 = A3 x AT. (13)
A9 = A3 x A7 — A7 x AS8. (14)

Notethatnoneof the abore two functionsinvolvesattribute A5 whichwashigh correlatedwith both
A9 and A10. Thisinvokesthe datareoganizationprocessthe datasetis partitionedaccordingto cate-
goricalattribute A4 thathastwo distinctvalues. The conversionfunctionsobtainedfrom the partitioned
dataarelistedin Table8

Table8: Resultsafterpartitioningdatausing.A4

A4 | No | Corversionfunctions Support| Numberof Outliers
1 1 | A9 = 0.9708738 % A3 x AT 99.94 2
2 | A9 = 33.33333% A7 x A8 99.36 21

2 3 | A9 = A3« AT 100.00 0

Thefunctionswith highersupportin eachgroup,i.e., Functionl and3 areselectedasthe corversion
functions. Althoughthesetwo functionsdo not matchwith any onein 10-12,they in factrepresenthe
samefunctionasshavn in ApendixA.2.

5.3 Contextindependentconflict detection

Whatseemsinnaturals thatthe supportof Functionl in the previous subsectioris not 100%asit should
be. Wefoundthefollowing two tupleslistedin Table9 thatwereidentifiedastheoutliers. They areindeed
thetupleswith errorscontainedn the original data:Both tupleshave incorrectvalueof GSTamount.®

5We realizedthat the systemallows dataentry clerk to modify GST valuescalculatedand promptedby the system. It is
obviousthatfor thesetwo invoices,incorrecttax valueswereentered.
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Table9: Two erroneousuplediscovered

month inv-no amt. GSTtype GSTrate curreny exch.rate GST C.amount A.amount

3 8237 45.50 1 3 1 1.00 0.00 45.50 45.50
6 12991 311.03 1 3 1 1.00 6.53 304.50 311.03

5.4 Applying the discovered function to testdata

In orderto verify the functionsobtained,the salesdataof the 7th month containingl,472tupleswere
collected. We applieddiscoreredfunctionsto calculateA9 and A10. It wasfound thattherewasno
differencebetweerthevaluescalculatedusingthe discoveredfunctionsandthe valuescollectedfrom the
databases.

5.5 Discussion

Fromthe experimentakesultsof therealworld dataset,we madethefollowing obserations.

1. In the systemdrom which the salesdatawere collected,the exchangerate has6 digits afterthe
decimalpoint. All othercomputedamounthasonly 2 digits afterthe decimalpoint. Furthermore,
anumberof attributesarederived by a numberof arithmeticoperationsTherefore the datavalues
containroundingerrorsintroducedduring calculations.In additionto theroundingerrors,the data
set also containstwo error entries. Under our classification,the dataset containsboth context
dependenandcontet independentonflicts.

Ourfirstconclusionis this: althoughthetrainingdatasetcontainsnoiseqroundingerrors) andboth
context dependenandindependentonflicts(two outliers), the systenwasstill ableto discorerthe
correctcorversionfunctions.

. Oneinterestingfunction discovered by the systembut not selectedeventually)is Function2 in
Table8. Notethat,from theexpressioritself, it is derivablefrom the othercorrectfunctions:Since
A8 istheamountof taxin theoriginal curreng, A9 is theamountof salesn thelocal curreng, A7
is theexchangeate,and A5 is thetax rate(percentagejye have

A8 = %*0.01*145
Thatis,
A9 = % for A5 #0
WhenAd4 = 1, A5 = 3, sowe shouldhave
AT A8

A9 = 33.33333 x A7 x A8.

©0.01%3

whichis the sameasFunction2. Thefunctionwasdiscardedecaus®f its low support(99.36%).
It seemsuzzlingthata functionthatis derivablefrom the correctfunctionshassuchlow support
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sothatit shouldbediscarded.

It turnsout thatthis phenomenoranbe explained. Since,the derivation processs purely mathe-
matical,it doesnottake into any consideratiothow the original datavalueis computedln thereal
dataset,thetaxamountstoredhasbeenroundedupto 0.01. Theroundingerrormaygetpropagated
andenlagedwhenFunction2 is used.If exchangerateis 1.00(i.e., theinvoiceis in thelocal cur
reng), the possibleerrorof A9 introducedby usingFunction2 to computethe salesamountfrom
thetax amountcouldbe aslarge as33.33333*0.005This is muchlarger thanthe precisionof A9
whichis 0.005.To verify thereasoningywe modifiedthe functioninto

AT A8

A9 — 1740
J 0.01 %3

= 33.33333 * AT * roundup(A8)

whereroundup is afunctionthatroundsA8 to 0.01;andcalculatedd9 usingthe modifiedfunction.
Comparinghecalculatedraluesandthe correspondingaluesin thedataset,thedifferencedor all
tuplesarelessthan0.005.

This leadsto our secondconclusion:becausenoisessud as roundingerrors existing in the data
and different waysin which the original data were produced,we shouldnot expecta conversion
functionminingsystento reproducethefunctionsthatare usedin geneating theoriginal data. The
objectiveof sud systemss to find the functionsthat data from multiple soucescan be integrated
or exchanged with specifiedequirmentof accuacy

6 Conclusion

In this paper we addressedhe problemof discosering andresolvingdatavalue conflictsfor datainte-
gration. We first proposed simpleclassificationrschemédor datavalue conflictsbasedon how they can
bereconciled.We amguethatthoseconflictscausedy genuinesemanticheterogeneitganbereconciled
systematicallyisingdatavalueconversionrules. A generabpproacHor discoseringdatacorversionrules
from datawas proposed.statisticaltechniquesareintegratedin to a prototypesystemto implementthe
approactHor financialandbusinessiata. The systemwastestedusingsomeboth syntheticandrealworld
data.

Theapproachadwcatedin this paperidentify conversionruleswhich aredefinedon datasourcesn
a pairwisebasis(i.e., betweerary two systemsat a time). Onedravbackof this is thatwe may have to
be defineda large numberof rulesif alarge numberof sourcesareinvolved. It will be beneficialif we
areableto go a stepfurtherto to elicit meta-datanformationfrom corversionrulesobtained.This will
allow usto introduceappropriataneta-datdagsto eachof the datasourcewhile allowing postponinghe
decisionof which corversionrule shouldbe applied(BressanFynn,Goh, Jalobisiak,HusseinKon, Lee,
Madnick, Pena,Qu, Shum& Sieggel 1997). This will be advantageoudbecauset will help reducethe
volumeof informationthattheunderlyingcontext mediatothasto dealwith. For example,in theexample
givenin Sectionb, the corversionrulesonly indicatethe waysto computethe salesandtax basedon tax
rate.It would bemoreeconomicalf we areableto matchthetaxrateto yetanothedatasourcefurnishing
the salestype andtax rate andfigure out that differentsaleshave differenttax by virtual of the type of
sales.Thus,if we know thatall salesin a compary have beenchaged 3% tax, we canconcludethatthe
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compan only hasdomesticsales.
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Appendix A: Resultswith RealWorld Data

A.1 Resultsof partial correlation analysis

Thefollowing tablelists theresultsof the partialcorrelationanalysis.Notethat, the correlationcoeficientsbetween
Al10 and A5, A10 and A7 arerathersmallin the zero-ordetest. However, this aloneis not sufficientto conclude
that A10 is notrelatedto A5 and A7. By the PCA testwith controlling A3, the correlationbetweend10 and A7

becameratherobvious andthe correlationcoeficient betweenA10 and A5 alsoincreased.With onemore PCA
testthat controls A8, the correlationbetweend10 and A5 becamemoreobvious. Thus,all the four attributesare
includedinto the quantitatve relationshipanalysis.

Table10: Partial correlationanalysisbetweenA10 and{A3,A5,A7,A8}

CorrelationEfficientof A10 with
Zero-order | ControllingA3 | ControllingA8
A3 [ 0.91778708 - 0.8727613
A5 || 0.02049382 0.1453855 -0.2968708
A7 || 0.02492715 0.4562510] -0.006394451
A8 || 0.71552943 0.5122901 -

Tablel11: Partial correlationanalysisbetweenA9 and{A3,A5,A7,A8}

CorrelationEfficientof A9 with
Zero-order | ControllingA3 | ControllingA8
A3 || 0.91953641 - 0.8739174
A5 || 0.01350388 0.1292704 -0.2976056
A7 || 0.02355110 0.4581783| -0.007597317
A8 || 0.70452050 0.4791232 -

A.2: Testswith partitioned data

In this sectionwe show the detaileddeductiorthatthefunctionsgeneratedor A9,

A9 0.9708738 x A3 % A7 (15)
A9 = A3x AT (16)

conformthe original functions.
Usingtheattribute numbersnsteadof the name we canrewrite Equationllas

A9 = A3« AT — A8 x AT

Thetaxrate, A5, is storedasthe percentagequation12 canberewrittenas

A8=%*0.01*A5
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Thuswe have

A3*A7—%2*0.01*A5*A7

A3 % A7 —0.01x A9 x A5

A9

Therefore, A3e A
3 x A7
A9 = 17
9 1+ 0.01x A5 (17)
Fromthedata,we have
45 = 3 ford4=1
0 ford4 =2

Substitutingthis into Equationl7, we have

1.03

Lo | AT =0.9708738 % A3 ¥ AT for A4 =1
"] A3k AT for A4 =2

which are the functions 16 and 16. In otherwords, althoughthe two functionshave differentforms, they do
representheoriginal relationshipamongthe datavaluesspecifiedby Equationl7.
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