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Abstract

Theintegrationof datafrom autonomousandheterogeneoussourcescallsfor theprior identifica-

tion andresolutionof semanticconflictsthatmaybepresent.Unfortunately, this requiresthesystem

integrator to sift throughthe datafrom disparatesystemsin a painstakingmanner. In this paper,

we suggestthat this processcanbe (at least)partially automatedby presentinga methodologyand

techniquesfor the discovery of potentialsemanticconflictsaswell asthe underlyingdatatransfor-

mationneededto resolve the conflicts. Our methodologybegins by classifyingdatavalueconflicts

into two categories: context independentand context dependent.While context independentcon-

flicts areusuallycausedby unexpectederrors,the context dependentconflictsareprimarily a result

of theheterogeneityof underlyingdatasources.To facilitatedataintegration,datavalueconversion

rulesareproposedto describethequantitative relationshipsamongdatavaluesinvolving context de-

pendentconflicts. A generalapproachis proposedto discover datavalueconversionrulesfrom the

data.Theapproachconsistsof fivemajorsteps:relevantattributeanalysis,candidatemodelselection,

conversionfunctiongeneration,conversionfunctionselectionandconversionrule formation.It is be-

ing implementedin a prototypesystem,DIRECT, for businessdatausingstatisticsbasedtechniques.

Preliminarystudyindicatedthattheproposedapproachis promising.

1 Intr oduction

The problemof discovering andresolvingdatavalueconflicts for dataintegrationhasbeenstudiedin

thecontext of heterogeneousandautonomousdatabasesystems.In anearlierwork, Dayalproposedthe

useof aggregatefunctions,e.g. average,maximum,minimum,etc. to resolve discrepanciesin attribute

values(Dayal1983).DeMichielproposedto usevirtual attributesandpartialvaluesto solve theproblem

of failing to mapanattributevalueto adefinitevalue(Demichiel1989).However, nodetailsgivenhow to

mapconflictingvaluesin to thecommondomainof virtual attributes.Tseng,Chen,Yangfurthergener-

alizedtheconceptof partialvaluesinto probabilisticpartialvaluesto capturetheuncertaintyin attributes

values(Tseng,Chen& Yang1993):Thepossiblevaluesof anattributearelistedandgivenprobabilities

to indicatetheir likelihood.Lim, SrisvastavaandShekharproposedanextendedrelationalmodelbasedon

Dempster-ShaferTheoryof Evidenceto dealwith thesituationwhereuncertaininformationarisewhenthe

databaseintegrationprocessrequireinformationnot directly representedin thecomponentdatabasesbut

canbeobtainedthroughsomeof thedata(Lim, Srivastava & Shekhar1996).Theextendedrelationuses

evidencesetsto representuncertaintyinformation,which allow probabilitiesto beattachedto subsetsof

possibledomainvalues.ScheuermannandChongadoptedadifferentview of conflictingattributevalues:



differentvaluesmeandifferentrolestheattribute is performing(Scheuermann& Chong1994,Scheuer-

mann,Li & Clifton 1996).Therefore,it is not necessaryto reconciletheconflicts.Whatneededis to be

ableto useappropriatevaluesfor differentapplications.Thework of Agarwal et. al addressedthesame

problemaddressedin this paper:resolvingconflictsin non-key attributes(Agarwal, Keller, Wiederhold

& Saraswat 1995). They proposedanextendedrelationalmodel,flexible relationto handletheconflict-

ing datavaluesfrom multiple sources.No attemptsweremadeto resolve theconflictsby converting the

values.

As evident from theabove brief review, mostof thework in theexisting literaturehave placedtheir

emphasisondeterminingthevalueof anattributeinvolving semanticconflicts.In thispaper, wearguethat

thoseconflictscausedbygenuinesemanticheterogeneitycanbereconciledsystematicallyusingdatavalue

conversionrules.Weproposedamethodologyandassociatedtechniquesthat“mine” dataconversionrules

from dataoriginatingfrom disparatesystemsthatareto be integrated.Theapproachrequiresa training

datasetconsistingof tuplesmergedfrom datasourcesto be integratedor exchanged.Eachtuple in the

dataset shouldrepresenta real world entity and its attributes(from multiple datasources)model the

propertiesof theentity. If semanticconflictsexist amongthedatasources,thevaluesof thoseattributes

that model the samepropertyof the entity will have differentvalues. A mining processfirst identifies

attributesetseachof which involvessomeconflicts. After identifying therelevantattributes,modelsfor

possibleconversionfunctions,thecorepartof conversionrulesareselected.Theselectedmodelsarethen

usedto analyzethe datato generatecandidateconversionfunctions. Finally, a setof mostappropriate

functionsareselectedandusedto form the conversionrulesfor the involved datasources.A prototype

systemfor integratingfinancialandbusinessdata,
���
������ ( 
�� scoveringand
�� conciling � onflic� s),

hasbeenimplementedusing statistics-basedtechniques. The systemusespartial correlationanalysis

to identify relevant attributes,Bayesianinformationcriterion for candidatemodelselection,androbust

regressionfor conversionfunctiongeneration.Conversionfunctionselectionis basedon thesupportof

rules.Experimentconductedusinga realworld datasetindicatedthatthesystemsuccessfullydiscovered

theconversionrulesamongdatasourcescontainingbothcontext dependentandindependentconflicts.

The contributionsof our work areasfollows. First, we adopteda simpleclassificationschemefor

semanticconflictswhich is morepracticalthanprevious proposalsfrom practitioners’view. For those

context dependentconflicts,proposeddatavalueconversionrulescaneffectively representthequantita-

tive relationshipsamongtheconflicts. Suchrules,oncedefinedor discovered,canbeusedin resolving

the conflictsduring dataintegration. Second,a generalapproachfor mining the dataconversionrules

from actualdatavaluesis proposed.Althoughtheuseof conversionfunctionsto solve thesemantichet-

erogeneityproblemhasbeenmentionedin theliterature(Sciore,Siegel & Rosenthal1994),no detailsof

discovering suchfunctionswerenot provided. Our approachcanbe partially (andin somecases,even

fully) automated.Moreover, the proposedapproachminessuchrulesfrom the dataitself andrequires

limited priori knowledge.Theresultsof preliminaryexperimentshasbeenpromising.

The remainderof the paperis organizedasfollows. In Section2, we suggestthat conflicts in data

valuescanbe categorizedinto two groups. We show that (datavalue)conversionrulescanbe usedto

describecommonly-encounteredquantitative relationshipsamongdatagatheredfrom disparatesources.

Section3 describesa generalapproachaimedat discovering conversionrules from actualdatavalues.

A prototypesystemthat implementsthe proposedapproachusingstatisticaltechniquesis describedin
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Section4. Experiencewith a setof realworld datausingthesystemis discussedin Section5. Finally,

Section6 concludesthepaperwith discussionsonrelatedandfuturework.

2 Data ValueConflicts and ConversionRules

For ourpurposes,conflictsamongdatavaluescanbeof two types:context dependentconflictsandcontext

independentconflicts.Context dependentconflictsrepresentsystemicdisparitieswhichareconsequences

of conflictingassumptionsor interpretationsin differentsystems.In many instances,theseconflictsin-

volvedataconversionsof aquantitative nature:thispresentsopportunitiesfor introducingdataconversion

rulesthatcanbeusedfor facilitatingtheresolutionof theseconflicts.Context independentconflicts,onthe

otherhand,areidiosyncraticin natureandareconsequencesof randomevents,humanerrors,or imperfect

instrumentation.By virtue of their idiosyncraticnature,thereareno systematicproceduresfor resolving

context independentconflicts.For simplicity, weshallonly beconcernedwith context dependentconflicts

in this paper.

2.1 Data valueconflicts

To motivate our discussion,we begin with an exampleof data integration. A stock broker produces

managesaninvestmentportfolio for herclientsby constantlyscanningfor opportunitiesto divestin other

counters.Informationoncurrentportfolio is generatedby somein-houseinformationsystem,andpresent

thestockscurrentlyheldby acustomerandtheir currentvalue.Thebroker reliesona real-timedatafeed

for updatesonotherinvestmentopportunities.In ourscenario,stocksin thefirst sourceformsa subsetof

all instrumentsthatarereportedin thesecond.As illustratedin Table1, theremaybestockswhichcanbe

foundin stock (thedata-feed)whicharenot in stk_rpt (theportfolio heldby a customer).

Table1: Exampletuplesfrom real-timedatafeed( ��������� ) anddatageneratedby legacy informationsource
( ����� �! "� ).

stock stk rpt
stock currency 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 concernedwith datavalueconflictsin this study, we assumethat theschema

integration problemand the entity identification(Wang& Madnick 1989)problemare largely solved.

Therefore,it is understoodthatboth ����� �# $�#%  "��&'��( and ���)�����*%+�-,.���/( aretheclosingpriceof astockof the

daydespitehaving differentattributenames.Similarly, both ���������*%102��,43"56( and ����� �! "�#%107��,83$56( arethe

numberof sharestradedduringtheday. Furthermore,it is safeto assumethat two entrieswith thesame
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key ( ��������� ) valuerefer to the samecompany’s stock. For example,tuple with stock = 100 in relation���)����� andtuplewith stock = 100 in relation ���9� �! "� referto thesamestock.

With theseassumptions,it will be reasonableto expect that, for a tuple �7: �<;=��������� and a tuple��: �>;?���9� �! "� , if �@%A���)�����CBD�!%A��������� , then ��%+�!,.�E�/(FBG�#%  "��&'��( and ��%102��,43"56(HBG�#%107�/,43$56( . However, from

thesampledata,this doesnot hold. In otherwords,datavalueconflictsexist amongtwo datasources.In

general,wecandefinedatavalueconflictsasfollows.

Definition Giventwo datasources
JI � and 
JI � andtwo attributes K � and K � thatrefer to

thesamepropertyof a realworld entity typein 
LI � and 
JI � respectively, if � � ;M
LI � and� � ;<
JI � correspondto the samereal world objectbut � � %+K �6NBO� � %+K � , thenwe saythata

datavalueconflictexistsbetween
LI � and 
LI � .
In theabove definition,attributes K � and K � areoftenreferredassemanticallyequivalentattributes.

Wereferto theconflict in attributevaluesasvalueconflicts.j Valueconflictsis thereforea form of seman-

tic conflictandmayoccurwhensimilarly definedattributestakeondifferentvaluesin differentdatabases,

including synonyms, homonyms, different coding schemes,incompleteinformation, recordingerrors,

differentsystemgeneratedsurrogatesandsynchronousupdates(see(Sheth& Kashyap1992)for aclassi-

ficationof thevariousincompatibilityproblemsin heterogeneousdatabases).

While a detailedclassificationof variousconflictsor incompatibilityproblemsmaybeof theoretical

importanceto some,it is alsotruethatover-classificationmayintroduceunnecessarycomplexity thatare

not usefulfor finding solutionsto theproblem.We adoptinsteadtheOccam’s razorin this instanceand

suggestthatdatavalueconflictsamongdatasourcescanbeclassifiedinto two categories:context depen-

dent andcontext independent.Context dependentconflictsexist becausedatafrom differentsourcesare

storedandmanipulatedunderdifferentcontext, definedby thesystemsandapplications,includingphys-

ical datarepresentationanddatabasedesignconsiderations.Most conflictsmentionedabove, including

differentdatatype andformats,units, andgranularity, synonyms, differentcodingschemesarecontext

dependentconflicts.On theotherhand,context independentconflictsarethoseconflictscausedby some-

how randomfactors,suchaserroneousinput,hardwareandsoftwaremalfunctions,asynchronousupdates,

databasestatechangescausedby externalfactors,etc. It canbeseenthat context independentconflicts

arecausedby poor quality control at somedatasources.Suchconflictswould not exist if the dataare

“manufactured”in accordanceto thespecificationsof their owner. On thecontrary, datavaluesinvolving

context dependentconflictsareperfectlygooddatain their respective systemsandapplications.

Therationalefor ourclassificationschemelies in theobservationthatthetwo typesof conflictscom-

manddifferentstrategiesfor their resolution.Context independentconflictsaremoreor lessrandomand

non-deterministic,hencecannotberesolvedsystematicallyor automatically. For example,it is very dif-

ficult, if not impossible,to defineamappingwhich cancorrecttypographicalerrors.Humanintervention

andadhocmethodsareprobablythebeststrategy for resolvingsuchconflicts.Onthecontrary, context de-

pendentconflictshave morepredictablebehavior. They areuniformly reflectedamongall corresponding

realworld instancesin theunderlyingdatasources.Onceacontext dependentconflicthasbeenidentified,

it is possibleto establishsomemappingfunctionthatallows theconflict to beresolvedautomatically. For

example,asimpleunit conversionfunctioncanbeusedto resolve scalingconflicts,andsynonymscanbe

resolvedusingmappingtables.
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2.2 Data valueconversion rules

In this subsection,we definedata valueconversion rules (or simply conversion rules) which areused

for describingquantitative relationshipsamongtheattribute valuesfrom multiple datasources.For ease

of exposition,we shall adoptthe notationof Datalogfor representingtheseconversionrules. Thus,a

conversionrule takestheform P$(�Q7R6SUT!��R@V*% Theheadof therule is a predicaterepresentinga relation

in onedatasource.The bodyof a rule is a conjunctionof a numberof predicates,which caneitherbe

extensionalrelationspresentin underlyingdatasources,or builtin predicatesrepresentingarithmeticor

aggregatefunctions.Someexamplesof dataconversionrulesaredescribedbelow.

Example: For theexamplegivenat thebeginningof thissection,wecanhave:

stk rpt(stock, price, volume, value) S
exchange-rate(currency, rate),stock(stock, currency, volumein K, high, low, close),

price= close* rate, volume= volumein K * 1000,value= price * volume.

Example: For conflictscausedby synonyms or different representations,it is alwayspossibleto

createlookup tableswhich forms part of the conversionrules. For example,to integratethe datafrom

two relations 
 � .student(sid,sname, major) and 
 � .employee(eid,ename, salary), into a new relation
 � .std emp(id,name, major, salary), wecanhave a rule


 � .std emp(id,name, major, salary) S
 � .student(id,name, major), 
 � .employee(eid,name, salary), 
 � .sameperson(id,eid).

where �WQ�56(  *(��@���/X is a relationthat definesthecorrespondencebetweenthestudentid andemployee

id. Whenthesizeof thelookuptableis small,it canbedefinedasruleswithoutbodies.Onewidely cited

exampleof conflictsamongstudentgradepointsandscorescanbespecifiedby thefollowing setof rules:


 � .student(id,name, grade) S 
 � .student(id,name, score),score grade(score, grade).

score-grade(4,’A’) .

score-grade(3,’B’) .

score-grade(2,’C’) .

score-grade(1,’D’) .

score-grade(0,’F’) .

Oneimportanttype of conflictsmentionedin literaturein businessapplicationsis aggregationcon-

flict (Kashyap& Sheth1996).Aggregationconflictsarisewhenanaggregationis usedin onedatabaseto

identify a setof entitiesin anotherdatabase.To beableto defineconversionrulesfor attributesinvolving

aggregationconflicts,wecanextendthetraditionaldatalogto includeaggregatefunctions.For example,

salessummary(part,sales)S sales(date, customer, part, amount),sales= SUM(part,amount).

canbeusedto resolvetheconflictsbetween�WQ7,.(W� ��3$5J5YQ���V and ��Q7,Z(�� , where��Q7,Z(�� ��3"5J5YQ2��V$%A�WQ2,Z(W�
is thetotalsalesfor aparticularpartin the ��Q7,Z(�� table.Here, I>[]\O^_ $Q2�/�!`aQ25Y�W3$Xb�9c is anaggregatefunc-

tion with two arguments. Attribute  $Q���� is the d��E�/3@ fegThV attribute and Q�5Y�/3"Xb� is the attribute on
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which theaggregatefunctionapplies.In general,anaggregatefunctioncantake XJikj attributeswhere

the lastattribute is usedin theaggregationandothersrepresentthe “group-by” attributes. For example,

if the ��Q7,Z(�� ��3"5J5YQ2��V is definedasthe relationcontainingthe total salesof differentpartsto different

customers.Theconversionrulecouldbedefinedasfollows:

salessummary(part,customer, sales)S
sales(date, customer, part, amount),sales= SUM(part,customer, amount).

We like to emphasizethat it is not our intentionto argueaboutappropriatenotationsfor datavalue

conversionrulesandtheir respective expressive power. For differentapplicationdomains,thecomplex-

ity of quantitative relationshipsamongconflictingattributescouldvary dramaticallyandthis will require

conversionruleshaving differentexpressive power (andcomplexity). Theresearchreportedhereis pri-

marily drivenby problemsreportedfor thefinancialandbusinessdomains;for thesetypesof applications,

a simpleDatalog-like representationhasbeenshown to provide morethanadequaterepresentations.For

otherapplications(e.g.,in therealmof scientificdata),theform of rulescouldbeextended.Whatever the

casemaybe,theframework setforth in thispapercanbeusedprofitablyto identify conversionrulesthat

areusedfor specifyingtherelationshipsamongattributevaluesinvolving context dependentconflicts.

3 Mining ConversionRulesfr om Data

In this section,we describeourapproachfor circumventingsemanticconflictsis to discover dataconver-

sionrulesfrom datathatareredundantlypresentin multiple overlappingdatasources.Themethodology

underlyingthis approachis depictedschematicallyin Figure1 andhasbeenimplementedin a prototype

system.Thesystemconsistsof two subsystems:DataPreparation andRuleMining. Thedatapreparation

subsystempreparesa dataset– the training data set– to be usedin the rule mining process.The rule

mining subsystemanalyzesthetrainingdatato generatecandidateconversionfunctions.Thedatavalue

conversionrulesarethenformedusingtheselectedconversionfunctions.

3.1 Training data preparation

The objective of this subsystemis to form a training datasetto be usedin the subsequentmining pro-

cess.Thetrainingdatasetshouldcontaina sufficient numberof tuplesfrom two datasourceswith value

conflicts,that is, tuplesreferringto the samereal world entity but having differentvaluesfor the same

property(attribute).

To determineif two tuples � � `9� � ;l
JI � and � � `9� � ;k
JI � representthe samereal world entity is

an entity identificationproblem. In somecases,this problemcanbe easilyresolved. For example,the

commonkeys of entities,suchasaperson’s socialsecuritynumberandacompany’s registrationnumber,

canbeusedto identify thepersonor thecompany in mostof thecases.However, in largenumberof cases,

entity identificationis still a ratherdifficult problem(Lim, Srivastava,Shekhar& Richardson1993,Wang

& Madnick1989).To determinewhethertwo attributesK � and K � in � � and � � modelthesamepropertyof

theentity is sometimesreferredto astheattributeequivalenceproblem.Thisproblemhasreceivedmuch

attentionin theschemaintegrationliterature(seefor instance,(Chatterjee& Segev 1991,Larson,Navathe
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Figure1: Discoveringdatavalueconversionrulesfrom data

& Elmasri1989,Litwin & A.Abdellatif 1986)). Oneof the major difficulties in identifying equivalent

attributes lies in the fact that the anomalycannotbe simply determinedby the syntacticor structural

informationof theattributes. Two attributesmodelingthesamepropertymayhave differentnamesand

differentstructuresbut two attributesmodelingdifferentpropertiescanhave the samenameandsame

structures.

In our study, we will not addressthe entity identificationproblemand assumethat the datato be

integratedhave commonidentifierssothattupleswith thesamekey representthesamerealworld entity.

This assumptionis not unreasonableif we aredealingwith a specificapplicationdomain.Especiallyfor

trainingdataset,we canverify thedatamanuallyin theworstcase.As for attribute equivalence,aswe

canseelater, theruleminingprocesshasto implicitly solve partof theproblem.

3.2 Data valueconversion rule mining

Like any knowledgediscovery process,the processof mining datavalueconversionrulesis a complex

one. More importantly, the techniquesto beusedcouldvary dramaticallydependingon theapplication

domainandwhat is known aboutthedatasources.In this subsection,we will only briefly discusseach

of themodules.A specificimplementationfor financialandbusinessdatabasedon statisticaltechniques

will bediscussedin thenext section.

As shown in Figure1 the rule mining processconsistsof the following major modules: Relevant

Attribute Analysis,CandidateModel Selection,Conversion FunctionGeneration, Conversion Function

Selection,andConversion RuleFormation. In caseno satisfactoryconversionfunctionsarediscovered,

trainingdatais reorganizedandtheminingprocessis re-appliedto confirmthatthereindeedno functions

exist. The systemalso tries to learn from the mining processby storing usedmodel and discovered
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functionsin adatabaseto assistlaterminingactivities.

3.2.1 Relevant attrib ute analysis

Thefirst stepof theminingprocessis to find setsof relevantattributes.Theseareeitherattributesthatare

semanticallyequivalentor thoserequiredfor determiningthevaluesof semanticallyequivalentattributes.

As mentionedearlier, semanticallyequivalentattributesreferto thoseattributesthatmodelthesameprop-

erty of an entity type. In the previous �����/��� and ����� �! "� example, �����/���*%+�-,.�E�W( and ���9� �! "�!%  "��&'��( are

semanticallyequivalentattributesbecausebothof themrepresentthelasttradingpriceof theday. On the

otherhand, �������-�*%APm&Zd7P ( ���)�����*%+,.�/n ) and ���9� �! "�!%  "��&'��( arenot semanticallyequivalent,althoughbothof

themrepresentpricesof astock,have thesamedatatypeanddomain.

Theprocessof solvingthisattributeequivalenceproblemcanbeconductedat two levels:at themeta-

datalevel or at thedatalevel. At themetadatalevel, equivalentattributescanbeidentifiedby analyzing

theavailablemetadata,suchasthenameof theattributes,thedatatype,thedescriptionsof theattributes,

etc. DELTA is an exampleof sucha system(Benkley, Fandozzi,Housman& Woodhouse1995). It

usesthe availablemetadataaboutattributesandconverts theminto text strings. Finding corresponding

attributesbecomesa processof searchingfor similar patternsin text strings. Attribute equivalencecan

alsobediscoveredby analyzingthedata.An exampleof sucha systemis SemInt(Wen-SyanLi 1994),

wherecorrespondingattributesfrom multiple databasesareidentifiedby analyzingthedatausingneural

networks. In statistics,techniqueshave beendevelopedto find correlationsamongvariablesof different

datatypes.In our implementationdescribedin thenext section,partialcorrelationanalysisis usedto find

correlatednumericattributes.Of course,equivalentattributescouldbepartof availablemetadata.In this

case,theanalysisbecomesasimpleretrieval of relevantmetadata.

In additionto finding thesemanticallyequivalentattributes,therelevantattributesalsoincludethose

attributesrequiredto resolve the datavalueconflicts. Most of the time, both metadataanddatawould

containsomeusefulinformationaboutattributes.For example,in relation ���)����� , theattribute �!3$�/�@(�Xo�#V
in factcontainscertaininformationrelatedto attributes ,.�/np`qPr&sd7P and �-,.���/( . Suchinformative attributes

areoften useful in resolvingdatavalueconflicts. The relevant attribute setsshouldalsocontainsuch

attributes.

3.2.2 Conversion function generation

With agivensetof relevantattributes,t�K � `�%u%u%+K]v7`aw � `�%u%u%+w�x'y with K � andw � beingsemanticallyequivalent

attributes,theconversionfunctionto bediscovered

K � B{z|^.w � `�%u%u%u`aw�xs`aK � `�%u%u%u`aK}v�c (1)

shouldholdfor all tuplesin thetrainingdataset.Theconversionfunctionshouldalsoholdfor otherunseen

datafrom thesamesources.This problemis essentiallythesameastheproblemof learningquantitative

laws from thegivendataset,whichhasbeenaclassicresearchareain machinelearning.Varioussystems

have beenreportedin the literature(Langley, Simon,G.Bradshaw & Żytkow 1987,Kokar1986,Wu &

Wang 1991, Żytkow & Baker 1991) Statisticianshave also developedboth theoriesand sophisticated

8



techniquesto solve theproblemsof associationsamongvariablesandpredictionof valuesof dependent

variablesfrom thevaluesof independentvariables.

Mostof thesystemsandtechniquesrequiresomeprior knowledgeabouttherelationshipsto bediscov-

ered,whichis usuallyreferredasmodels.With thegivenmodels,thedatapointsaretestedto seewhether

the datafit the models.Thosemodelsthat provide the minimumerrorswill be identifiedasdiscovered

laws or functions. We divided the taskinto two modules,thecandidatemodelselectionandconversion

functiongeneration.Thefirst modulefocuseson searchingfor potentialmodelsfor thedatafrom which

theconversionfunctionsareto bediscovered. Thosemodelsmaycontaincertainundefinedparameters.

Themaintaskof thesecondmoduleis to have efficient algorithmsto determinethevaluesof theparam-

etersandthegoodnessof thecandidatemodelsin thesemodels.Thetechniquesdevelopedin otherfields

couldbeusedin bothmodules.Userknowledgecanalsobe incorporatedinto thesystem.For example,

themodelbaseis usedto storepotentialmodelsfor datain differentdomainssothatthecandidatemodel

selectionmodulecansearchthedatabaseto build thecandidatemodels.

3.2.3 Conversion function selectionand conversion rule formation

It is often the casethat the mining processgeneratesmorethanoneconversionfunctionsbecauseit is

usuallydifficult for thesystemto determinetheoptimalones.Theconversionfunctionselectionmodule

needsto developsomemeasurementor heuristicsto selecttheconversionfunctionsfrom thecandidates.

With theselectedfunctions,somesyntactictransformationsareappliedto form thedataconversionrules

asspecifiedin Section2.

3.2.4 Training data reorganization

It is possiblethatno satisfactoryconversionfunctionis discoveredwith a givenrelevantattributesetbe-

causeno suchconversionfunction exists. However, thereis anotherpossibility from our observations:

theconflict cannotbereconciledusinga singlefunction,but is reconcilableusinga suitablecollectionof

differentfunctions.To accommodatefor this possibility, our approachincludesa trainingdatareorgani-

zationmodule.Thetrainingdatasetis reorganizedwheneverasinglesuitableconversionfunctioncannot

befound. Thereorganizationprocessusuallypartitionsthedatainto a numberof partitions.Themining

processis thenappliedin attemptingto identify appropriatefunctionsfor eachof thepartitiontakenoneat

a time. Thispartitioningcanbedonein anumberof differentwaysby usingsimpleheuristicsor complex

clusteringtechniques.In the caseof our implementation(to bedescribedin the next section),a simple

heuristicof partitioningthe datasetbasedon categorical attributespresentin the dataset is used. The

rationaleis, if multiple functionsexist for differentpartitionsof data,datarecordsin thesamepartition

musthave somecommonproperty, which maybereflectedby valuesassumedby someattributeswithin

thedatabeinginvestigated.

4 DIRECT: A PrototypeSystem

The strategy which we have describedin the precedingsectionhasbeenimplementedin a prototype

system,DIRECT (DIscovering andREconciling ConflicTs), thusallowing the proposedmethodology
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andtechniquesto beverifiedbothexperimentallyandin thecontext of a realapplication.Thesystemis

developedwith a focuson financialandbusinessdatafor a numberof reasons.First, the relationships

amongtheattributevaluesfor financialandbusinessdataarerelatively simplercomparedto engineering

or scientificdata.Most relationshipsarelinearor productsof attributes.5 Second,businessdatado have

somecomplex factors. Most monetaryfiguresin businessdataareroundedup to the unit of currency.

Suchroundingerrorscanbeviewedasnoisesthataremixedwith thevalueconflictscausedby context.

As such,our focusis to developa systemthatcandiscover conversionrulesfrom datawith noises.The

basictechniquesusedarefrom statisticsandthecorepartof thesystemis implementedusingS-Plus,a

programmingenvironmentfor dataanalysis.In this section,we describethemajorstatisticaltechniques

usedin thesystem.

4.1 The basictechniques

DIRECT usesPartial Correlation Analysis(PCA) to identify relevant attributessinceit is well known

that properlyused,partial correlationanalysiscanuncover spuriousrelationships,identify intervening

variables,anddetecthiddenrelationshipsthatarepresentin adataset.

It is importantto take notethat correlationandsemanticequivalencearetwo differentconcepts.A

person’s heightandweight may be highly correlated,but aresemanticallydistinct. However, sincese-

manticconflictsarisefrom differencesin therepresentationschemesandthesedifferencesareuniformly

appliedto eachentity, we expecta high correlationto exist amongthevaluesof semanticallyequivalent

attributes.Partial correlationanalysiscanat leastisolatetheattributesthatarelikely to berelatedto one

anotherfor furtheranalysis.

In orderto discover quantitative relationshipsamongthe identifiedrelevant attributes,anotherwell

known statisticaltechnique,regressionanalysisis implementin DIRECT. Todealwith noisesin data,such

asroundingerrors,we implementedtheLeastTrimmedSquares(LTS) regressionmethod(Rousseeuw&

Hubert1997). LTS regression,unlike the traditionalLeastSquare(LS) regressionthat triesto minimize

thesumof squaredresidualsof all datapoints,minimizesa subsetof theorderedsquaredresiduals,and

leave out thoselarge squaredresiduals,therebyallowing the fit to stay away from thoseoutliers and

leveragepoints. Comparedwith other robust techniques,like LeastMedianSqaure(LMS) regression,

LTS alsohasa very high breakdown point: 50%. That is, it canstill give a goodestimationof model

parametersevenhalf of thedatapointsarecontaminated.More importantly, a fasteralgorithmexists to

estimatetheparameters(Burns1992).

4.2 Bayesianinformation criterion basedcandidatemodelselection

Givena setof relevantattributes,a modelis requiredbeforeperformingregression.Themodelspecifies

the numberof attributesthat shouldactuallybe includedand the basicrelationshipamongthem,e.g.,

linear, polynomial,logarithmic,andetc. Therearea numberof difficultiesregardingselectingthemodel

for regression.First, with X independentattributes,a modelcaninclude1 to X attributeswith any com-

binations.That is, even just consideringthe linear functions,therecouldbea large numberof possible

models.Second,it is oftenthecasethat,agivendatasetcanfit into morethanonemodel.Someof them

5Aggregationconflictsarenotconsideredin thispaper.
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areequallygood. Third, if thereis in factno valid model,theregressionmaystill try to fit thedatainto

themodelthatmaygive thefalseimpressionthattherelationshipgivenis valid.

A numberof techniqueshave beendevelopedto automaticallyselectand rank modelsfrom a set

of attributes(Miller 1990). Recently, Raftery introducedthe BIC, BayesianInformationCriterion, an

approximateto Bayesfactorsusedto comparetwo modelsbasedonBayes’s theorem(Raftery1995).For

differentregressionfunctions,theBIC takesdifferentforms. In thecaseof linearregression,w~�7��v of a

model \Fv canbecomputedas

w~�7�kB����u�E�$^�j�e�
 �v cbi? $vW�u�E�2� (2)

where� is thenumberof datapoints, 
 �v is thevalueof adjusted
 � for model \Fv and $v is thenumber

of independentattributes. Using the w���� valuesof models,we canrank the models. The smallerthe

BIC is, the betterthemodelis to fit thedata. Oneimportantprinciple in comparingtwo nestedmodels

is so calledOccam’s Window. For two models, \Fv and \�v�� � where � is the numberof independent

attributes. The essentialideais that, if \�v is betterthan \Fv�� � , model \Fv�� � is removed. However, if

model \Fv�� � is better, it requiresa certain”dif ference”betweentwo modelsto cause\Fv to beremoved.

That is, thereis anarea,the Occam’s Window, where \Fv�� � is betterthan \Fv but not betterenoughto

cause\Fv beingremoved. Thesizeof Occam’s Window canbeadjusted.SmallerOccam’s Window size

will causemoremodelsto beremoved,aswecanseefrom theexamplegivenin thenext subsection.The

following procedurehighlightsthiscandidatemodelselectionprocess.

1. Givenasetof relevantattributes,form thecandidatemodelsetby includingall possiblemodels;

2. Fromthecandidatemodelset,removeall themodelsthatarevastlyinferior comparedto themodel

whichprovidesthebestprediction;

3. Removethosemodelswhichreceive lesssupportfrom thedatathanany of theirsimplersubmodels,

i.e.,modelswith lessindependentattributes;

4. Wheneveramodelis removedfromthecandidatemodelsetin theabovetwo steps,all its submodels

arealsoremoved.

4.3 Acceptancecriteria of generatedconversion functions

Sinceregressioncanalwaysgeneratesomeconversionfunctionsgiven a dataset,onekey issuein our

implementationis to find thecriteriathatcanbeusedto determinethegenuineconversionfunctions.To

addressthis issueof acceptancecriterion,we defineda measure,��3@ @ $�/��� , to evaluatethegoodnessof a

discoveredregressionfunction(conversionfunction)basedonrecentwork of Hoeting,RafteryandMadi-

gan(Hoeting,Raftery& Madigan1995). A functiongeneratedfrom theregressionanalysisis accepted

asa conversionfunctiononly if its supportis greaterthana userspecifiedthreshold� . The ��3� @ $�/��� of a

regressionfunctionis definedas

��3� @ $�/����B ���/3"Xb�#t�V2�� :�^4�E�/3"XoR$^a: V � e�V7�� :1c9�����-Q7,Z(Wc���B{�-y� (3)
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where&q;�^�j�`a��c , V � is theactualvalueof thedependentattributesfor the &s��� point, V7�� is thepredictedvalue

of thedependentvalueusingthefunctionfor the &s��� point, � is auser-definedparameterthatrepresentsthe

requiredpredictionaccuracy, � is thenumberof thetotal pointsin thedatasetand ���/3"Xb� is a function

that returnsthenumberof datapointssatisfyingtheconditions. �W�-Q2,Z( in Equation3 is a robustestimate

of theresidualsfrom theregressionfunction,definedasfollows:

�W�-Q2,Z(]B�j�%1���E�E���q56(�R@&'Q2X�^.Q�T!�7^9^. �e�  � c¡e�56(�R@&¢Q�X�^. ge�  � c9c9c (4)

where 56(�R@&¢Q�X�^sc is a functionthatreturnsthemedianvalueof its vector.   and   � arethevectorof the

actualvalueandthepredictedvalueusingtheregressionfunctionfor thedependentattributerespectively.

Figure2 summarizestheprocedureof conversionfunctiongeneration.

conversion function Generation
Input: Trainingdataset 
 , Candidatemodelset \ , � , � .
Output:Setof theconversionfunctions: £ .£ = t}y ;
foreachmodel 5¤;?\ do

PerformLTSregressionusing 
 and 5 to obtaina regressionfunction z ;
Compute�W�-Q2,Z( usingEquation4 for 
 ;
Compute��3@ @ *�W��� usingEquation3 with given � ;
if ��3� @ $�/����¥H� then £ = £ + tWz¡y ;

Figure2: Procedureof conversionfunctiongeneration

The ��3@ @ *�W��� indicatesthepercentageof datapointswhoseresidualsarewithin certainrangeof the

scaleestimate,�����W�-Q2,Z( . In otherwords,thosepointswith residualsgreaterthan �>�����-Q7,.( areidentified

asoutliers. To determinewhethera regressionfunction shouldbe accepted,userspecifiesa minimum

support,� . Thesystemonly generatesthosefunctionswith ��3@ @ *�W����¦D� . Two parameters,� and � have

differentmeanings. � in fact specifiesthe requirementof the conversion precisionrequired in our case.

Takingsimpleunit conversionasanexample.Onefoot is equalto 0.3048meters.If two lengthattributes§ � and
§ � in two datasourcesarerepresentedin foot andmeterrespectively, becauseof the effect of

rounding,valuesof
§ � correspondingto

§ � B¨t�j�©E©E©E©�`�j�©E©E©�`�j�©E©7y will be t 3048.0,304.8,30.5y . A

conversionfunction § � B�©�%Aª�©������ § � (5)

is the correctfunction althoughthe point (100,30.5)doesnot lie on the line. It cannotbe viewed asa

genuineoutlier. With properlyspecified� value,thesupportof Equation5 canbestill 100%.Ontheother

hand,� reflectsour confidenceto thequalityof data: with �f�gj , weare preparedto acceptthefact that

there will beat least �«�¬^�j�e­�oc erroneousdatapoints. Of course,this is only valid if we have good

estimateof � . A goodpracticeis to first seta bit low � anda bit tight � sothatsomecandidatefunctions

could begeneratedevenwith large numberof outliers. Dependingon whetherthedetectedoutliersare
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genuineoutliersor datapointsstill with acceptableaccuracy, thevalueof � and � canbeadjusted.

4.4 A running examplewith syntheticdata

To illustrate the workingsof the prototypesystem,we presentherethe detailedresultsobtainedfrom

DIRECT whena syntheticdataset is usedas the training data. The datasetsimulatesthe stockdata

integrationprocessmentionedat the beginning in this paper: A broker receivesstock informationand

integratesit into his/herown stockreport.For this experiment,we createda datasetof 6000tuples.The

attributesandtheir domainarelistedin Table2

Table2: Examplerelations

Attr. No. Relation Name ValueRange

A1 stock,stk rpt scode [1, 500]
A2 stk rpt price stock.close*exchangerate[stock.currency]
A3 stk rpt volume stock.volume* 1000
A4 stk rpt value stk rpt.price* stk rpt.volume
A5 stock currency 1, 2, 3, 4, 5, random
A6 stock volume 20-500,uniformdistribution
A7 stock high [stock.close,1.2*stock.close]
A8 stock low [0.85*stock.close,stock.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 attributes is greaterthan the threshold,which was set to 0.1 in the experiment,they were

consideredrelevant.Theresultsandrelevantattributesetsareshown in Table3.

Table3: Correlationcoefficientsfrom thezero-Ordercorrelationanalysis®�¯ ®�° ®>± ®>²®�³
0.0291 0.3933 0.4006 0.4050®>´
1.0000 -0.0403 -0.0438 -0.0434®�µ
0.3691 0.2946 0.2994 0.3051

Set Attribute CorrelatedAttributes

1
®>´ ®>¯

2
®�µ ®>¯@¶¢®�°�¶)®�±@¶)®�²

3
®�³ ®�°�¶¢®>±@¶)®�²

Partial correlationanalysiswasconductedby controlling K��7`aK�·2`aK�� and K]¸ in turn to seewhether

therearemoreattributesthatshouldbe includedin theobtainedrelevant attribute sets.In this example,

therewerenosuchattributes;andtherelevantattributesetsremainedthesame.
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4.4.2 Candidatemodelselectionand conversion function generation

Eachof therelevantattributesetswasusedto generateconversionfunctionsin turn. Set1 containsonly

two variables.Thereis only onepossiblemodel( K�ªpB�K�� ) thatgenerates

K�ª{BUj�©E©E©<�fK��7% (6)

with 100%support:

Set2 consistsfive attributes, K}�r`aK��7`aK�·2`aK��7` and K]¸�K}� is correlatedto four otherattributes.With-

out any prior knowledge,andconsideringonly linearmodelwith first-orderandsecond-orderterms(an

acceptablepracticefor mostfinancialandbusinessdata),theinitial modelincludesall theattributes.

K}�DB¹K��~igK�·~igK]�ºikK�¸CilK��»�mK�·CikK��»�rK��¼ikK��o�mK�¸¼igK�·b�mK��CigK�·o�mK�¸CigK]�»�mK]¸ (7)

Table4: Resultsof modelselectionfor attributeset2

Window size Modelselected

20
®�µF½¾®�¯?¿L®>²

30
®�µF½¾®�¯?¿L®>²

40
®�µF½¾®�¯?¿L®>²@À ®qµ�½Á®�°6ÂÃ®>¯?¿�®�²�À®�µF½¾®�±?ÂÄ®�¯�¿L®�²�À ®qµ�½Á®�²�ÂÃ®>¯?¿�®�²�À

60
®�µF½¾®�¯?¿L®>²@À ®qµ�½Á®�°6ÂÃ®>¯?¿�®�²�À®�µF½¾®�±?ÂÄ®�¯�¿L®�²�À ®qµ�½Á®�²�ÂÃ®>¯?¿�®�²�À®�µF½¾®�¯?¿L®>²?ÂÄ®�°Y¿�®>±@ÀÅ®qµ�½Á®�¯�¿L®�²?ÂÃ®�±�¿L®�²

Table4 lists theoutputof themodelselectionmodulefor differentOccam’s Window sizes.It canbe

seenthatwith largerwindow size,thenumberof candidatemodelsselectedincreasesandmoreattributes

wereincludedin themodel.Whenwindow sizeis 20 and30,only onemodelwith attributes K�� and K�¸
wasselected.Whenthewindow sizeincreasedto 40,four modelswereselectedandattributes K]� and K�·
appearedin someof themodels.

Table5: Functionsdiscoveredfor selectedmodels

Model Functiongenerated Support(%)®�µ�½¾®>¯?¿L®>² ®qµF½Æ°�ÇW±@È Ç�µq¿É®�¯?¿J®�²
81.73®�µ�½¾®�°YÂÄ®�¯?¿�®>² ®qµF½¾²�²W±�Çq¿É®�°6ÂÃ¯�°�±�È Ç/ÊÉ¿É®>¯?¿�®�²
81.22®�µ�½¾®>±?ÂÄ®�¯?¿�®>² ®qµF½ÌË#ÇW±/°�ÊEÈÍË#´É¿É®>±?ÂÄ¯�±/ÊEÈÍËhµq¿É®�¯?¿L®>²
81.08®�µ�½¾®>²?ÂÄ®�¯?¿�®>² ®qµF½¾²�²�°�Ç�È ±W±�¿É®>²?ÂÄ¯/°�°EÈ ±�µ|¿É®>¯?¿�®�²
81.31®�µ�½¾®>¯?¿L®>²?ÂÎ®�°Y¿L®>± ®qµF½¾¯�±/ÊEÈ ²�Ç|¿É®�¯?¿J®�²?Â¾Ë#Ç/³EÈÍË!Ê�¿É®�°Y¿J®�±
81.54®�µ�½¾®>¯?¿L®>²?ÂÎ®>±?¿L®>² ®qµF½¾¯�±�Ë�È ²�µq¿É®�¯?¿J®�²?Â¾Ë!³/°�È ´�µq¿É®�±?¿J®�²
81.58

In the conversionfunction generationprocess,the selectedmodelwasusedto generateconversion

functions.For themodelsin Table4, thesystemin factdid notreportany functions.By furtherexamining

theprocess,wefoundthatall themodelsresultedin functionswith supportlower thanspecifiedthreshold,
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Table5.

As illustratedin Figure1, whena selectedmodeldoesnot generateany singleconversionfunction

with sufficientsupport,thereis apossibilitythatthereexist multiplefunctionsfor thedataset.To discover

suchmultiple functions,thedatasetshouldbereorganized.In our implementation,a simpleheuristicis

used,thatis, to partitionthedatausingcategoricalattributesin thedataset.After thedatawaspartitioned

basedonacategoricalattribute K�Ï , themodelselectedareshown in Table6.

Table6: Modelsselectedfor partitioneddata

Window size Modelselected

20
®�µ�½¾®>¯?¿�®�²

40
®�µ�½¾®>¯?¿�®�²

60
®�µ�½¾®>¯?¿�®�²�À ®�µF½¾®�¯?ÂÄ®�¯�¿L®�²�À®�µ�½¾®�°YÂÃ®�¯?¿L®>²@À ®�µF½¾®�±?ÂÄ®�¯�¿L®�²�À®�µ�½¾®>²?ÂÃ®�¯?¿L®>²@À ®�µF½¾®�¯?¿L®�°YÂÄ®�¯?¿�®>²@À®�µ�½¾®>¯?¿�®�±�ÂÃ®>¯?¿L®>²@ÀÐ®�µF½¾®�¯?¿L®>²?ÂÄ®�°Y¿�®>±@À®�µ�½¾®>¯?¿�®�²�ÂÃ®�°Y¿L®>²@ÀÐ®�µF½¾®�¯?¿L®>²?ÂÄ®�±?¿�®>²

Theconversionfunctiongenerationmoduleestimatesthecoefficientsfor eachof themodelsselected

for eachpartition. Thereis only oneconversionfunctionreportedfor eachpartition,sinceall thecoeffi-

cientsfor thetermsotherthan K��H�fK�¸ werezero.Theresultsaresummarizein Table7.

Table7: Theconversionfunctionsgeneratedfrom Set2 and3

Conversionfunctionsfor
®qµ

Conversionfunctionsfor
®�³®>Ê

Conversionfunction Support (%)
0

®�µ�½¾µWÇ�ÇY¿L®>¯?¿L®>²
100

1
®�µ�½Ñ°�Ç�ÇY¿L®>¯?¿L®>²

100
2

®�µ�½«Ë#Ç�ÇWÇY¿L®�¯?¿�®>²
100

3
®�µ�½«Ë#±�ÇWÇY¿L®�¯?¿�®>²

100
4

®�µ�½ÆÊ�±�ÇWÇY¿L®�¯?¿�®>²
100

®�Ê
Conversionfunction Support(%)

0
®>³�½¾Ç@È µ?¿L®>²

100
1

®>³�½¾Ç@È+°J¿L®>²
100

2
®>³�½ÌË�È Ç6¿L®>²

100
3

®>³�½ÌË�È ±6¿L®>²
100

4
®>³�½ÁÊEÈ ±6¿L®>²

100

Theprocessfor relevantattributeSet3: t�K��7`aK�·2`aK��7`aK]¸2y is similar to whatdescribedfor Set2. The

initial modelusedis

K��pB�K�·Fi«K��­iÒK�¸FiÒK�·­�fK��FiÒK�·Ó�MK�¸FiÒK��Ô�MK�¸ (8)

andthe modelselectionmoduleselected10 modelswithout producingfunctionswith enoughsupport.

Usingthedatasetspartitionedusing K]Ï andtheconversionfunctionslistedin Table7 wereobtained.

4.4.3 Conversion function selectionand data conversion rule formation

Sincethereis only onesetof candidatefunctionsobtainedfor eachsetof relevantattributesetwith 100%

support. The functionsgeneratedwereselectedto form the dataconversionrules. By somesyntactic
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transformation,wecanobtainthefollowing dataconversionrulesfor ourexample:

stk rpt(stock, price, rpt volume, value) S
stock(stock, currency, stk volume, high, low, close),

price= rate* close, rpt volume= 1000* stk volume,

value= rate* 1000* stk volume* close, exchange rate(currency, rate).

exchangerate(0,0.4).

exchangerate(1,0.7).

exchangerate(2,1.0).

exchangerate(3,1.8).

exchangerate(4,5.8).

It is obviousthatthediscoveredrulecanbeusedto integratedatafrom ���)����� to ����� �! "� .
5 Experiencewith a realworld data set

In thissection,wepresenttheexperimentalresultsonasetof realworld datausingthesystemdescribedin

theprevioussection.Themotivationfor thisexerciseis to demonstratethatthetechniquesandframework

remainapplicablein thecontext of a real-world application.

Thedatausedin this experimentwascollectedfrom a tradingcompany. Eachrecordconsistsof 10

attributes.Attribute K�j to K]� arefrom a transactiondatabase,� (month,invoice no, amount,salestype,

GSTrate, currency, exchange rate, GSTamount), which recordsthedetailsof eachinvoicebilled, hence

all theamountsinvolvedarein theoriginal currency. Attribute K]¸ , ��%+Q�5Y�/3"Xb� is extractedfrom asystem

for cost/profitanalysis,whichcapturesthesalesfigurein localcurrency exclusiveof tax. Finally, attributeK�j�© , K¬%+Q25Y�W3$Xb� , is from the accountingdepartment,K , whereall themonetaryfiguresarein the local

currency. Therefore,althoughattributes K�ª7`�K�¸ and K¬j�© have the samesemantics,i.e., all refer to the

amountbilled in an invoice, their valuesaredifferent. That is, valueconflict existsamongtheattributes.

Fromthecontext of thebusiness,thefollowing relationshipamongtheattributesshouldexist:

Kp%+Q25Y�/3"Xb�ÐB �Õ%+Q25Y�/3"Xb�¡�|�Õ%A(�Ö*�-P"Q�X×d�( �EQ��9(E% (9)�]%+Q25Y�/3"Xb�ØB ^8�Õ%+Q25Y�/3"Xb�Ée��Õ%_ÙpIÉ� Q25Y�/3"Xb�ac»�|�Õ%A(�Ö*�-P"Q�X×d�( �EQ��9( (10)B K¬%+Q�5Y�/3"Xb�Ée��Õ%A(�Ö$��PmQ2X×d7( �EQ2��(��q�Õ%_Ù¬I¡� Q25Y�/3"Xb�!% (11)

The goodsandservicetax (GST), is computedbasedon the amountcharged for the salesof goodsor

services.As �]%+Q25Y�/3"Xb� is in the local currency andall transactiondataarein theoriginal currency, we

have thefollowing relationship:

�}%_ÙpI¡� Q�5Y�/3$Xb�|BÚ��%+Q�5Y�/3"Xb�a���Õ%A(�Ö$��PmQ2X×d7( �EQ2��(��q�Õ%_ÙpIÉ� �EQ2��( (12)

whereGSTratedependson thenatureof businessandclients. For example,exportsareexemptedfrom

GST(tax rateis 0%)anddomesticsalesaretaxedin afixedrateof 3%in ourcase.
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The trainingdatasetcollectedcontains7,898tuplescorrespondingto the invoicesissuedduring the

first 6 monthsof a financialyear. Thediscovery processandtheresultsaresummarizedin thefollowing

subsections.

5.1 Identifying relevant attrib ute sets

As ourcurrentsystemonly worksfor numericdata,thecategoricalattributesarenot includedin analysis.

Thatis, amongeightattributesfrom datasource� , only attributes K]ª , K]Ï , K�· and K]� aretakeninto the

correlationanalysis.Theresultsof partialanalysisindicatedthatboth K�¸ and K¬j�© arehighly relatedto

all four attributes(Referto AppendixA.1 for thedetails).

5.2 Conversion function generation

Theconversionfunctiongenerationprocessproducedthefollowing functionswith 100%support.

K�j�© B K�ªH�fK�·2% (13)K�¸ B K�ªH�fK�·He¤K�·Ó�MK��7% (14)

Notethatnoneof theabove two functionsinvolvesattribute K]Ï which washigh correlatedwith bothK�¸ and K�j�© . This invokesthedatareorganizationprocess,thedatasetis partitionedaccordingto cate-

goricalattribute K}� thathastwo distinctvalues.Theconversionfunctionsobtainedfrom thepartitioned

dataarelistedin Table8

Table8: Resultsafterpartitioningdatausing K}�®�µ
No Conversionfunctions Support Numberof Outliers

1 1
®>²�½¾Ç�È ²�°�ÇW±/°�´W±¡¿É®�´�¿É®�°

99.94 2
2

®>²�½¾´W´@È ´�´W´�´�´�¿É®�°|¿É®>±
99.36 21

2 3
®>²�½¾®>´�¿É®�°

100.00 0

Thefunctionswith highersupportin eachgroup,i.e.,Function1 and3 areselectedastheconversion

functions. Althoughthesetwo functionsdo not matchwith any onein 10-12,they in fact representthe

samefunctionasshown in ApendixA.2.

5.3 Context independentconflict detection

Whatseemsunnaturalis thatthesupportof Function1 in theprevioussubsectionis not100%asit should

be.Wefoundthefollowing two tupleslistedin Table9 thatwereidentifiedastheoutliers.They areindeed

thetupleswith errorscontainedin theoriginaldata:Both tupleshave incorrectvalueof GSTamount.6

6We realizedthat the systemallows dataentry clerk to modify GST valuescalculatedandpromptedby the system. It is
obviousthatfor thesetwo invoices,incorrecttaxvalueswereentered.
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Table9: Two erroneoustuplediscovered

month inv-no amt. GSTtype GSTrate currency 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 order to verify the functionsobtained,the salesdataof the 7th monthcontaining1,472tupleswere

collected. We applieddiscoveredfunctionsto calculateK]¸ and K¬j�© . It was found that therewasno

differencebetweenthevaluescalculatedusingthediscoveredfunctionsandthevaluescollectedfrom the

databases.

5.5 Discussion

Fromtheexperimentalresultsof therealworld dataset,wemadethefollowing observations.

1. In the systemsfrom which the salesdatawerecollected,the exchangeratehas6 digits after the

decimalpoint. All othercomputedamounthasonly 2 digits after thedecimalpoint. Furthermore,

a numberof attributesarederivedby a numberof arithmeticoperations.Therefore,thedatavalues

containroundingerrorsintroducedduringcalculations.In additionto theroundingerrors,thedata

set also containstwo error entries. Under our classification,the dataset containsboth context

dependentandcontext independentconflicts.

Ourfirst conclusionis this: althoughthetrainingdatasetcontainsnoises(roundingerrors)andboth

context dependentandindependentconflicts(twooutliers), thesystemwasstill ableto discover the

correctconversionfunctions.

2. One interestingfunction discoveredby the systembut not selected(eventually) is Function2 in

Table8. Notethat,from theexpressionitself, it is derivablefrom theothercorrectfunctions:SinceK�� is theamountof tax in theoriginalcurrency, K�¸ is theamountof salesin thelocalcurrency, K�·
is theexchangerate,and K�Ï is thetax rate(percentage),wehave

K]�pB K]¸K�· ��©�%+©rj���K�Ï
Thatis, K�¸pB K�·}��K��©�%+©rjÛ��K]Ï z×�/�FK�Ï NB�©
When K}��B�j , K]ÏpBÚª , soweshouldhave

K]¸pB K�·Õ�>K��©�%+©rj���ª B{ªEª7%AªEªEªEªEª��>K�·}�>K��7%
which is thesameasFunction2. Thefunctionwasdiscardedbecauseof its low support(99.36%).

It seemspuzzlingthata functionthat is derivablefrom thecorrectfunctionshassuchlow support
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sothatit shouldbediscarded.

It turnsout that this phenomenoncanbeexplained.Since,thederivationprocessis purelymathe-

matical,it doesnot take into any considerationPm�/n theoriginaldatavalueis computed.In thereal

dataset,thetaxamountstoredhasbeenroundedupto 0.01.Theroundingerrormaygetpropagated

andenlargedwhenFunction2 is used.If exchangerateis 1.00(i.e., theinvoice is in thelocal cur-

rency), thepossibleerrorof K]¸ introducedby usingFunction2 to computethesalesamountfrom

thetax amountcouldbeaslargeas33.33333*0.005.This is muchlarger thantheprecisionof K�¸
which is 0.005.To verify thereasoning,wemodifiedthefunctioninto

K�¸pB K�·}�>K��©�%+©rj���ª B�ªEª7%AªEªEªEªEªp�>K�·]�q���/3$XoR@3@ �^.K]�@c
where�E�W3$XoR@3� is afunctionthatroundsK�� to 0.01;andcalculatedK�¸ usingthemodifiedfunction.

Comparingthecalculatedvaluesandthecorrespondingvaluesin thedataset,thedifferencesfor all

tuplesarelessthan0.005.

This leadsto our secondconclusion:becausenoisessuch as roundingerrors existing in the data

and different waysin which the original data were produced,we shouldnot expecta conversion

functionminingsystemto reproducethefunctionsthatareusedin generatingtheoriginal data.The

objectiveof such systemsis to find thefunctionsthat data frommultiplesourcescanbeintegrated

or exchangedwith specifiedrequirementof accuracy.

6 Conclusion

In this paper, we addressedthe problemof discovering andresolvingdatavalueconflictsfor datainte-

gration. We first proposeda simpleclassificationschemefor datavalueconflictsbasedon how they can

bereconciled.We arguethatthoseconflictscausedby genuinesemanticheterogeneitycanbereconciled

systematicallyusingdatavalueconversionrules.A generalapproachfor discoveringdataconversionrules

from datawasproposed.statisticaltechniquesareintegratedin to a prototypesystemto implementthe

approachfor financialandbusinessdata.Thesystemwastestedusingsomebothsyntheticandrealworld

data.

Theapproachadvocatedin this paperidentify conversionruleswhich aredefinedon datasourceson

a pairwisebasis(i.e., betweenany two systemsat a time). Onedrawbackof this is thatwe mayhave to

bedefineda large numberof rulesif a large numberof sourcesareinvolved. It will bebeneficialif we

areableto go a stepfurther to to elicit meta-datainformationfrom conversionrulesobtained.This will

allow usto introduceappropriatemeta-datatagsto eachof thedatasourcewhile allowing postponingthe

decisionof whichconversionruleshouldbeapplied(Bressan,Fynn,Goh,Jakobisiak,Hussein,Kon,Lee,

Madnick, Pena,Qu, Shum& Siegel 1997). This will be advantageousbecauseit will help reducethe

volumeof informationthattheunderlyingcontext mediatorhasto dealwith. For example,in theexample

givenin Section5, theconversionrulesonly indicatethewaysto computethesalesandtax basedon tax

rate.It wouldbemoreeconomicalif weareableto matchthetaxrateto yetanotherdatasourcefurnishing

the salestype andtax rateandfigure out that differentsaleshave differenttax by virtual of the typeof

sales.Thus,if we know thatall salesin a company have beencharged3% tax, we canconcludethat the
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company only hasdomesticsales.
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Appendix A: Resultswith RealWorld Data

A.1 Resultsof partial correlation analysis

Thefollowing tablelists theresultsof thepartialcorrelationanalysis.Notethat,thecorrelationcoefficientsbetween®ÛË!Ç
and

®>Ê
,
®ÛË#Ç

and
®�°

arerathersmall in thezero-ordertest. However, this aloneis not sufficient to conclude

that
®ÛË!Ç

is not relatedto
®�Ê

and
®�°

. By thePCA testwith controlling
®�´

, thecorrelationbetween
®ÕË#Ç

and
®�°

becameratherobviousandthe correlationcoefficient between
®ÛË!Ç

and
®>Ê

also increased.With onemorePCA

testthatcontrols
®>±

, thecorrelationbetween
®ÛË!Ç

and
®>Ê

becamemoreobvious. Thus,all the four attributesare

includedinto thequantitativerelationshipanalysis.

Table10: PartialcorrelationanalysisbetweenA10 and t A3,A5,A7,A8y
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 -

Table11: PartialcorrelationanalysisbetweenA9 and t A3,A5,A7,A8y
CorrelationEfficientof

®�²
with

Zero-order ControllingA3 ControllingA8®>´
0.91953641 - 0.8739174®�Ê
0.01350388 0.1292704 -0.2976056®�°
0.02355110 0.4581783 -0.007597317®>±
0.70452050 0.4791232 -

A.2: Testswith partitioned data

In thissection,weshow thedetaileddeductionthatthefunctionsgeneratedfor
®>²

,®>²Ü½ Ç@È ²/°�Ç�±�°�´�±�¿¡®�´>¿É®�°
(15)®>²Ü½ ®�´�¿É®�°
(16)

conformtheoriginal functions.

Usingtheattributenumbersinsteadof thename,wecanrewrite Equation11as®�²Û½�®�´�¿É®�°>ÝL®�±�¿É®�°
Thetax rate,

®>Ê
, is storedasthepercentage,Equation12canberewrittenas®�±Õ½ ®�²®�° ¿ÉÇ�È Ç�Ëo¿É®�Ê
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Thuswehave ®�² ½ ®�´�¿É®�°>Ý ®>²®�° ¿¡Ç@È Ç@Ë¡¿¡®>Ê�¿É®�°½ ®�´�¿É®�°>Ý�Ç�È Ç�Ëo¿É®>²>¿É®>Ê
Therefore, ®�²Õ½ ®>´�¿É®�°Ë¡ÂYÇ�È Ç�Ëo¿É®�Ê (17)

Fromthedata,wehave ®�ÊÛ½{Þ ´ for
®�µ}½HËÇ

for
®�µ}½�³

Substitutingthis into Equation17,wehave

®>²Õ½�Þ¤ß �9à ßrá�9â ã)� ½�Ç@È ²/°�Ç�±�°�´�±�¿É®�´�¿É®�°
for
®�µÛ½ÓË®�´�¿É®�°

for
®�µÛ½�³

which are the functions 16 and 16. In otherwords, althoughthe two functionshave different forms, they do

representtheoriginal relationshipamongthedatavaluesspecifiedby Equation17.
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