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Abstract—
Withrapidadvancementintechnologyenableshighusesofdata
basewhichcausesduplicationofdatabaseman-
agement.Thereplicateddatarecordsgeneratemultiplecopieso
fdirtydataandcontainimproperspellingandpunctuation,inco
rrectdataisassociatedwithrecord,incompletedandalsooutdat
edorsamedataisduplicatedinthedatabase.forremovingthedir
ty
datavariousdatacleaningsoftwareandapplicationsareused.th
eproposedgenericprogrammingapproachtorecorddeduplica
tionhelpsincombiningseveraldifferentpiecesofevidenceextra
ctedfromthe data deduplicationfunction
helpsinidentifyingwhethertwoentriesareinrepositoryreplica
sornot.Inthis approachforautomatic adaptation of
functionaregivenfixedreplicasidentificationboundaryforimp
rovingaccuracyintermsofnumberofduplicaterecordsfoundv
ersustheactualnumberofduplicaterecords.Thisworkhasbeen
testedonthebloodbankdatabasetoduplicatetherecords.Syste
musedforlocatingrecorddeduplicationwiththehelpofgenetic
programminghelpsincombiningevidenceextractedfromthec
ontentanddeduplicationfunctionenablesinidentificationweat
her  twoentriespresentin  repositoryarereplicasor not.
Additionallygeneticprogrammingiscapableforautomatica
llyadaptingthesefunctiontoaspecifiedreplicaidentification
boundarythisgeneticprogrammingapproachisappliedforv
ariousdatabasemanagementtofinddeduplicatedrecords.

IndexTerms—Database integration,Evolutionary
computingandGeneticalgorithms,Databaseintegration

. INTRODUCTION

EVERAL systemssuch as digital libraries and

otherdatabasesystemslikeorganizationdatabasesareaffected
bytheduplicates. Thesystemforlocatingrecorddeduplicationusin
ggeneticprogrammingapproachtofind a deduplica-
tionfunctionthat is able to identify  whether
twoentriesinarepositoryarereplicasornot.Deduplicationisatasko
f identifyingthe duplicate data in a repository that
refertothesamerealworldentityorobjectandsystematicallysubstit
utesthereferencepointersfortheredundantblocks;alsoknownasst

oragecapacityoptimization.Dirtydataisdefinedinvariouscategorie
sperformancedegradation-
asadditionaluselessdatademandmoreprocessing,moretimeisrequi
redtoansweruserqueries;qualitylossthepresenceofreplicasandoth
erinconsistenciesleadstodistortionsinreports
andmisleadingconclusions basedontheexisting
data;increasingoperationalcostsbecauseoftheadditionalvolumeof
uselessdata,extracostsarerequiredonmorestoragemediaandextrac
omputationalprocessingpowertokeeptheresponsetimelevelsacce
ptable. Toavoidtheseproblems,itisnecessarytostudythecausesofdi
rtydatainrepositories.Amajorrootisthepresenceofduplicates,orne
arduplicates

intheserepositories,thoseconstructedbytheaggregationorintegrati
onofdistinctdatasources. Theissueofdetectingandremovingduplic
ateentriesinarepositoryisgenerallyknownasrecorddeduplication.|
nourprojecttoremove
thedirtydateinthebloodbankmanagementsystem. Asapartofgeneti
cprogrammingapproachthegainingconceptsandtheentropycalcul
ationsareusedtodeduplicatetherecords.

II. LITERATURESURVEY

AliteraturehasbeendedicatedtotheRecordDeduplica-
tionandtremendousprogresshasbeenmaderangingfromefficient
andscalablealgorithmRecordDeduplicationinCoraandRestaura
ntdataset.Recorddeduplicationisagrowingresearchtopicindatab
aseandrelatedfieldssuchasdigitallibraries. Thisproblemarisesma
inlywhendataarecollectedfromdisparatesourcesusingdifferenti
nformationdescriptionstyles and metadata standards. Common
place for
replicasarefoundindatarepositoriescreatedfromOCRdocuments
.Thesituationscanleadtoinconsistenciesthatmayaffectmanysyst
emssuchasthosethatdependonsearchingandminingtasks. Tosolv
etheseinconsistenciesitisnecessarytodesignadeduplicationfunct
ionthatcombinestheinformationavailableinthedatarepositoriesi
nordertoidentifywhetherapairofrecordentriesreferstothereal -
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worldentity. Inrealmofbibliographiccitations, forinstance,thisp
roblemwasdiscussedbyLawrenceetal.[19],[20].Lawrenceprop
osedanumberofalgorithmsformatchingcitationsfromdifferents
ourcesbasedonwordmatching,phrasematching,andfieldextract
ion.Asmorestrategiesforextractingdisparatepiecesofevidenceb
ecomeavailable,Elmagarmidetal.[21]followingtwocategories:

A. Ad-HocorDomainKnowledgeApproaches

Thiscategoryincludesapproachesthatusuallydependonspeci
fic
domainknowledgeorspecificstringdistancemetrics. Technique
smakeuseofdeclarativelanguages[21]canbealsoclassifiedinthi
scategory.

Training-basedApproaches
Thiscategoryincludesallapproachesthatdependonsomesortoftr
ainingsupervisedorsemi-
supervisedinordertoidentifythereplicas.Machinelearningappr
oachesfallintothiscategory.Next, brieflycommentonsomework
sbasedonthese  two  approaches(domain  knowledge
andtraining-
based),thosethatexploitthedomainknowledgeandthosethatare
basedonprobabilisticandmachinelearningtechniques.

Pros-Closestmatchingapproach.
Cons-

1.Forrecordmatchinghighweighttokensarerequired.2.ldentifica
tion of recordreplication isdone onindividualbasis.

B. Probabilistic Approaches

W.W.Cohen(2002)wasproposed,onestoaddresstherecordded
uplicationproblemasaBayesianinferenceproblem(aprobabilistic
problem) and proposed the first
approachtoautomaticallyhandlereplicasandrecorddeduplication
problemasaBayesianinferenceproblem(aprobabilisticproblem)
and proposed thefirst approach to
automaticallymanagededuplication.

ToElaboratedstatisticalmethod.Work,FellegiandSunter[5]pro
posedanelaboratedstatisticalapproachtodealwiththeproblemofe
vidence. Thesemethodsrelyonthedefinitionoftwoboundaryvalue
sthatareusedtoclassifyapairofrecordsasbeingduplicaterecordsor
not.

Febrile[2]toimplementToolsforthismethod,suchas,workwitht
woboundariesasfollows:
Pros-Thepositiveidentificationboundaryisthesimilarvalue
liesabovetheboundary, TherecordsareconsideredasreplicasCon
S_

Thenegativeidentificationboundaryisthesimilarvalueliesbelowthi
sboundary, Therecordsareconsideredasnotduplicaterecords

C. MachineLearningApproaches

M.Bilenko(2003)useamachinelearningtechniquetoim-prove
both  the  similarityfunctions  that  areapplied to
comparerecordfieldsandthewaythepiecesofevidencearecombine
d.Intheir system, called Marlin, [21][22]. The training
datasetisassumedtohavesimilarcharacteristicstotestdataset,which
makessolutionusingmachinelearningtechniquesandtogeneralizet
heirsolutionsforduplicaterecord.
Pros-UsingSVMClassifierforbettermentofreplicaidenti-
fication.

Cons-

ActiveAtlas[28]systemrequiredforrecordmappinginordertoestab
lishrelationship.

1. IMPLEMENTATIONDETAIL

1) Initializeandsetthepopulation(randomoruserpro-
videdindividuals).

2) Evaluateallindividualsinthecurrentpopulation,applyanume
ricratingorfitnessvaluetoeachone.

3) Iftheterminationcriterionisfulfilled,thenexecutethelaststep
andcontinue.

4) Reproducethebestnindividualsinthenextgenerationpopulati
on.

5) Selectn individuals  that
generationwiththebestparents.

6) Applythegeneticoperationstoallindividualsselectedandco
mposethenextpopulation.Replacetheexistinggenerationoft
hegeneratedpopulationandgobacktoStep2

7) Presentbestindividualsinthepopulationastheoutputoftheev
olutionaryprocess.

willprocessthe  next

A.MathematicalModel

Systemforlocatingrecorddeduplicationusinggeneticprogram
mingapproachillustratethemathematicalmodelthatcontainsdupl
icaterecords.ByusingGemeticProgramingco-
sinesimilaritycanbederivedfromthisdatasetanddedupli-
catefunctionsareformedanditisbeingconstructedintheformoftre
e.

Dataset(ds):-AnyDatasetconatainingdifferentrecordfrom
differentdomainExtraction(fe):-ExtractFeaturefrominputdataset
SimilarityFunction(sf):-FindtheCosineSimilaritybetween
Records.
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TreeConstruction(tc):-deduplicationFunction
S={P,FE,SF,TC,GO,0}

LetD: {d1,d2,......dn} whereDconsistsofnoofrecordsLetFE: {f
1,f2,f3.....f.} whereFEisfunctionwhichextractfeatures

LetSF: {v1,v2,v3,......vn} wherevconsistsofsimilarityfunc-
tionrecords

LetTC: {n1,n2,.....n,} wheretcisatreeconstructorafunc-
tionwhichconstructsatree

LetGO: {r1,r2,.....rn} whereGOfunctionisusedtogeneratebestfit
nessresult

LetO:{01,02,....0n} WhereOconsistofoutput
FunctionF1returnsthefeaturesextractedfromdatasetrecord
F1(d)—FEfordownloadeddataset

F1(fy—{f1, f2,....f} €toFE
FunctionF2returnsthesimilarityvaluesofeachrecord
F2(FE)—SF

e.g.F2(FE)—{v1,v2,....vn} €toSF.FunctionF3returnstheconst
ructedtreeornode.

F3(SF)—TC

e.g.F3(SF)—{n1,n2,.....n} etoTC. FunctionF4returns
thegeneticoperationresult.F4(SF)—GO
e.g.F4(SF)—{r1,r2,...r,} etoGO.FunctionF5returnstheoutput
F5(GO)—0

e.g.F5(GO)—1{01,02,....0n} €t0 O.

Functional Dependencyoftheabovefunctions

F1 | F2 | F3 | F4 | F5
F1 1 0 0 0 0
F2 1 1 0 0 0
F3 0 1 1 0 0
F4 | 0 0 1 1 0
F5 0 0 0 1 1

I SYSTEMDESIGN
A. DataPreprocessing

Cosinesimilarityisameasureofsimilaritybetweentwovectors
ofaninnerproductspacethatmeasuresthecosineoftheanglebetw
eenthem.ThecosinesimilarityvaluofOis1,andlessthan1foranya
ngle;theminimumvalueofthecosineis-
1.Thecosineanglebetweentwovectorsisdeter-
mineswhethertwovectorsarepointinginroughlythesamedirecti
on.cosinesimilaritybetweentwostringsiscalculatedusingLeven
steindistanceandSoft-TFIDFsimilaritymethod.

Remove De Duplicate Record

RECORDS WITHOUT
Fitness computation E[.) DUPLICATES

For Fitness Calculation

Termination criteria

GP

Input Data
Data Preprocessing

Initial Population

—
—/

Genetic operations Using

Fig.1.SystemArchitecture

ThecosinesimilarityfunctionusingGeneticprogrammingapproac
hautomaticallyselectpopulations.Cosinesimilarityfunctionalsou
sedtointrainingphasetocapturethecharac-
teristicsofdataset.Basedonthecharacteristicofdatasetonlypopulat
ionsareselected.

B. FeatureVectorExtraction

populationsisthefeaturevectorsselectedbasedoncosinesimilari
tyfunctions.Iffitnessfunctiondoesnotreachfitnessvaluethenpopul
ationsarechanged.e.g:(att1,att2,att3)Se-
lectedfitnessfunctionbymachinelearningapproachhastoreachthe
fitnessvalue.

Iffitnessfunctiondoesnotreachfitnessvaluethenhavetochanget
hefitnessfunctionusinggeneticoperationsGe-
neticoperationsismutation,crossover,reproduction.Selectedfitne
ssfunctionhadrepresentedintreeformat,forapplyinggeneticoperat
ionseasily.

C. GeneticOperations

Ifthefunctiondoesnotreachafitnessvaluehavetoapplygeneticop
erationsagaintochangethefitnessfunction.

D. Reproduction

ReproductionistheoperationofGeneticprogrammingthatcopie
sindividualswithoutmodifyingthem.Theoperatorisusedtoimplem
entanelitiststrategythatisadoptedtokeepthegeneticcodeofthefitte
stindividualsacrossthechangesinthegenerations.lfagoodindividu
alisfoundinpreviousgenerations,itwillnotbelostwhileexecutingth
eevolutionaryprocess.

E. Crossover

Thecrossoveroperationisallowsgeneticcontentwhicharethepro
cessofexchangingtwoparents,inthisprocessthatcangeneratetwoo
rmorechildren.InaGeneticprogrammingevolutionaryprocess,tw
oparenttreesareselectedaccordingtoamatching(orpairing)policya
nd,then,arandomsubtreeisselectedineachparent.
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Mutation

Themutationoperationhasbeenimplementedforkeepingamin
imumdiversitylevelofindividualsinthepopulationthusitavoidpre
matureconvergence.

Q— @
g Q
® ©

tree(a,b,c) = a +(b/c)

Random Generated
SubTree

]

@ @ ® O

tree(a,b,c) = (a*a) * (a-b)

Fig.2.RandomSubtreeMutation

F. RemovingDuplicateRecords

Afterselectingafitnessfunctionfirstlycalculatefitnessvaluef
orallrecordsusingafitnessfunction. TheFitnessFunctionselecte
dusingexistingmachinelearningapproach. Theselectedfitnessf
unctioncanremovetherecords.Beforestoringrecordsintoadatab
asecalculatefitnessvaluesforallrecordsiftworecordsmatchwith
samefitnessvaluethenremoveonerecord.

1. GENETICALGORITHM

Inproductionscheduling,populationofsolutionsconsistsofm
anyanswersthatmayhavedifferentsometimesconflictingobjecti
ves.ltoperatesonapopulationofsolutionsratherthana single
solution.  Forexample, in  one  solutionit  may
beoptimizingaproductionprocesstobecompletedinaminimumt
ime.Inanothersolutionitmayoptimizeforaminimumdefects.By
crankingupthespeedatwhichitproducerunintoanincreaseindef
ectsinourfinalproduct.Asincreaseinthenumberofobjectivessys
temaretryingtoachieveandalsoincreasethenumberofconstraint
sontheproblemandsimilarlyincreasethecomplexity. Geneticpr
ogrammingarebetterforthesetypesofproblemswherethesearch
spaceismorelargeandthenumberoffeasiblesolutionsisverysmal
I.ModelingtheRecordDeduplicationProblemusingGPwhileusi
ngGeneticProgrammingtosolveaproblem,thereare

someordinary  requirementsthat mustbe  fulfilled,order
tosuccessfullyexplorethistechniquewhicharebasedonthedatast
ructureusedtorepresentthesolutionofrecorddeduplication.itch
osenatreebasedGPrepresentationfortheevidencecombinationf
unction,sinceitisanaturalrepresentationforthistypeofdefinedfu

nctions.
Theserequirementsarethefollowing:

1) Theproblemsolutionmustbemodeledasatreestruc-ture.

2) Theevolutionaryoperationsappliedoverthemodeledtreem
ustbeattheendoftheresultandconvertedintoavalidtreefinall
y.

3) Themodeledtreemustbeautomaticallyevaluatedinorderto
maketheuseofthistechniqueviable.

EvidenceEisapairjattribute,similarityfunction¢thatrep-
resentstheuseofaspecificsimilarityfunctionoverthevaluesofaspe
cificattributefoundinthedatarepositoriesbeinganalyzed.e.qg,itwa
nttodeduplicateadatabasetablewithfourattributes(e.g.,name,sur
name,address,andpostalcode)usingaspecificsimilarityfunction(
e.g.,theJarofunction[Koudasetal.2006]),wouldhavethefollowin
gpiecesofevidence:

Algorithm1Algorithm1:GeneticProgramming

Letdatabase(DB)isthesetofdeduplicaterecords;
Letsim(Similarity)isthesimilarityfunctionofDuplicaterecords;
[*DataPreprocessing™*/
GenerateasetofpairsP=p1:::pn
fromDB;Computesim(p)foreachpairpeP;
R<rankPaccordingtosim(p)values;LetTheth
etopkpairsinR;

LetBbethebottomkpairsinR;

UserlabelseachpairpeT U BwithLpe {T;F} ;ComputeaweightW
Pforeach peP;

[*ProcessEvaluation*/

Geng<—Generatemfunctions;

Evaluate(Geno, T UB);
ComputeaweightWsforeachfunctionfeGeno;
Como<—@;i=0toapredefinednumberofgenerationsdo
ComjtopCfunctionsinGen;;
[*ActiveLearning*/eachpairp Pdo
ComjlabelspwithLp {T;F;D};
ifLp=DthenUserlabelspwithL’ pe {T;F)
[*Reinforcement*/

UpdateWPforeachpeP;
Genj+1<—CrossoverMutation(GeniCom;);
Genj+1<Genj+1 U Comj;Evaluate(Genj+1,P);
ComputeWsforeachfunctionfeGeni+1;
Comj<—topCfunctionsinGeni;
foreachpairpePdodo

ComilabelspwithLpe {T;F}

E1(name,Jaro),E2(surname,Jaro),E3(address,Jaro),andE4(postal
code,Jaro)Forthisexample,averysimplefunctionisalinearcombina
tionsuchasFs(E1;E2;E3;E4)=E1+E2
+E3+EA4.

|. EXPERIMENTS
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A.Dataset

Apartfromthetasksrelatedtothelogicalandthephysicalsideofth
edatabasesysten,DatabaseAdnibistratormayalsotakepartindatab
aseSystemoperations.mainroleistogivedevelopersrecommendat
ionsabouttheDBMSspecificities,thushelpingthemavoidanydatu
Itingimabaseperformanceissues.OtherimportantworkoftheDB
Asarerelated
todatamodelingatoptimizingthesystem,aswellastothecreationan
danalysis of newdatabases. computer
science,isevolutionarycomputationsubfieldofartificialintelligen
ce(moreparticularlycomputationalintelligence)thatinvolvesco
mbinatorialoptimizationproblems.

TousedRestaurantandCoradatasetstoanalyzethepro-
posedalgorithmandtheperformanceoftheproposedalgo-
rithmiscomparedagainstthegeneticprogrammingtechniquewitht
hehelpofevaluationmetricsinthisexperimentselectdatasetsfromt
hecoradatasetdatarepositoryandthedatasets
usedisRestaurantdataset. Thedatasets,whichareusedinproposed

approach,isdetailedbelow.Dataset1(CORA): TheCoradatasetc
onsistsofduplicateandnon-
duplicatesdatarecordswhichiscitedto122Conferencepaper,itisdi
vide

intovariousattributes(name, year, title, and other
information)Dataset2(Restaurant): Thisdatasetcontains500
records(400originalsand100duplicates),duplicatesrecordbased
ononeoriginalrecord(usingaPoissondistributionofduplicate

records) andwitha maximumoftwomodifications
inasingleattributeandinthefullrecord.

I. CONCLUSIONANDFUTUREWORK

Endingwiththeduplicateinformationisstoredfromdif-
ferentsourcesthatrequirestoragespaceforstoringreplicasorded
uplicaterecords.severaleventhasbeenexperimentedon modem
enterprise and data loss wascommon in all
.Variousmethodshavebeentriedtotacklewiththatproblemsident
ificationandreplicashandlingisimportantforguarantingthequal
ityofinformationwhichisbeingavailablebydataintensivesystem
suchasdigitallibrariesande-
commercebrokers. Thisprojecthelpinpresentingsystemforlocat
ingrecorddeduplicationviageneticprogramming.Ourapproach
iscombinationofseveralpiecesofevidencethathasbeenextracted
fromthedatacontentfortheproductionofdedupli-
cationfunctionthatenablesforidentificationwhethertwoormore
entriesareintherepositoryorreplicasornot. Infuturethisapproac
hwillhelpinfindingthecomplexmatchesinthreedifferentdatarep
ositoryscenarioswheretherepositoriespartiallysharesomedatao

rsomecommondata. Theentireproposedworkconceptisconclude
dwiththeliteraturesurvey
,designandmodelling,projectobjectiveusingsystem.Forlocating
recorddeduplication.Ourevolutionaryapproachhasimplemented
rangeofuseforourfuturework.Experimentswerecarriedoutforev
aluationourworkwithdatafromspecificapplicationdamainswithd
ifferentdatasets. Otherinvestigationtechnigueswerecarriedout. T
hispapersuggestsefficientimplementationofkNNforbettermento
fresultsandadvancementintechnology.
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