
A Token-BasedDataCleaningTechniquefor Data
WarehouseSystems

Timothy E. Ohanekwu
Schoolof ComputerScience,

University of Windsor

C.I. Ezeife
Schoolof ComputerScience,

University of Windsor,
Windsor, Ontario,
CanadaN9B 3P4.

cezeife@cs.uwindsor.ca

Abstract— Data cleaning is a processfor determining whether
two or more records defined differ ently in a database,actually
representthe samereal world object. During data cleaning,mul-
tiple recordsrepresentingthe samereal life object are identified,
assignedonly one unique databaseidentification, and only one
copy of exact duplicate records is retained. Most existing work
on data cleaning, identify record duplicates by computing match
scores compared against a given match score thr eshold. Some
use the entire records for long string comparisons that involve
a number of passes.Determining optimal match score thr eshold
in a domain is hard and straight long string comparisons with
many passesis inefficient.

This paper proposesa technique that eliminates the need to
rely on match thr eshold by defining smart tokens that are used
for identifying duplicates.This approachalsoeliminates the need
to use the entire long string records with multiple passes,for
duplicate identification.

Keywords: Data Warehouse, Data Cleaning, Token-
Basedsearch, Data Dirt

I . INTRODUCTION

A data warehouse,is a databasemade up of integrated,
subject-oriented, time-variant and non-volatile datadesignedfor
businessdecision, multidimensionalquerying [7]. Integrated data
sourcesof a datawarehousemay resideon different hardware and
software platforms and may have different data models. A data
warehousebasedon thestarschemaconsistsof (1) a facttable,which
containstheintegrated,subject-orientedandtime-variantrecords,and
(2) a setof dimensiontablesdescribingsubject,foreignkey attributes
in thefact table.Thedatatakenfrom two or moresourcesare“dirty”
in nature due to heterogeneityin representations.Therefore,data
headingto thedatawarehouseneedsto becleanedfor thewarehouse
to bereliable.This paperpresentsa techniquefor efficiently cleaning
data for datawarehousetables,which useswell-definedtokens for
recordmatching.

Data cleaning,is an automatedmethodfor examining the data,
detectingmissing and incorrect values and correcting them [12].
It focuseson eliminating variations in data contentsand reducing
data redundancy aimed at improving the overall data consistency
[3]. Datacleaningfirst detectsdirty recordsby determiningwhether
two or more recordsrepresenteddifferently refer to the samereal
world entity, and then, it cleans the dirty records by either (i)
collapsingthemto get a consolidatedwhole devoid of missingparts,
(ii) unifying them with a single entity identity and (iii) retaining
only onecopy of recordsthat areexact duplicates.Two main causes
of “Dirt” or conflicts in dataare synonymsand homonyms, though
therearemany otherssuchas: “incomplete,missingor null values”,
“spelling, phoneticor typing errors”,“Mis-fielding” (e.g.,a country’s
namein a state/province field), “noise or contradictingentry”, i.e.,

valuesoutsidethe acceptedrange(e.g.,31/9/99), “scanningerrors”,
(e.g., alphabetic“I” insteadof numeric “1” and vice versa),“type
mismatch”.While all othercausesof datadirt can be as a result of
“oversight”or “humanerrors”,synonymsandhomonymsarenot.For
example,a documentcollection centerin a unit of an organization
may decide to use entity acronyms/abbreviations, “ACM”, while
anothercentermay write it in full, as “Associationfor Computing
Machinery”. Homonymous dirt arises when the same “term” or
“expressions”refer to two or more entities,e.g., many occurrences
of “John Smith” in a datasourcemay refer to differentpersons.

A. RelatedWork
Bitton et al. [1] sort on designatedfields to bring potentially

identical recordstogetherin a large data file. However, sorting is
basedon “dirty” fields, which may fail to bring matchingrecords
together, and its time complexity is quadratic in the number of
records.Hernandezet al. [5], [6] solvesthemerge/purgeproblemin a
largedatabaseby forming keys from someselectedfields,sortingthe
entiredataseton the keys, clusteringthe sortedrecordsandusinga
scanningwindow of afixedsizeto reducethenumberof comparisons.
Recordcomparisonis still basedon the original dirty records.The
equationaltheoryusedin themulti-passversionof thework is a time
consumingprocess.The basicfield matchingalgorithm[10] extracts
andsortsatomicstringswithin fields,findsthenumberof stringsthat
matchandcomputesthe matchscoreusedto decideif the two fields
arethe same.The accuracy of the the basicfield matchingalgorithm
is dependenton the match scorethresholdfor deciding if any two
input string match.The work describedin [9] introducesthe ideaof
field pre-processingwith external data source,prior to sorting and
comparisonphasesas well as “tokenizing of fields”. Pre-processing
thedirty recordswith externaldatasourcelike birth registry maynot
always be feasibleand final comparisonof stringsfor a matchstill
involves the entire long strings.Work in [4], [11] enhancethe data
integrationandcleaningprocesswith declarative operatorsthatallow
for dynamicand interactive cleaning.

B. Contributions
While existing techniqueshave used tokens for bringing likely

duplicaterecordstogether[5], [6], [9], usedpre-determinedmatch
score thresholdsto decide on a match betweentwo input strings
[9], [10], dependedon external or interactive input during duplicate
detection[4], [9], [11], achieving a high recall (cleaningaccuracy) in
a reasonabletime, which is lessdependenton matchscorethresholds
andexternal intervention,aredatacleaningresearchgoalsthis paper
contributesto.

This paperproposesa token-baseddata cleaningalgorithm, TB
cleaner, whichfirst definessmarttokensfrom mostimportantfieldsof
records,comparesandidentifiesduplicaterecordswith thosetokens.
Token-basedtechniqueachievesa betterresult thanthe record-based
techniquesof comparablealgorithms. By using short lengthened



TABLE I

TSA, A TRANSACTI ON H I STORY FOR SA CUSTOM ERS

Cid Transaction Date-And-Time Amount
S005 Deposit 1/1/02,9.30AM 525.25
S001 Deposit 11/1/02,4.30PM 1005.53
S005 Withdraw 15/3/02,1.45PM 125.44
S004 Withdraw 6/4/02,11.00AM 325.50

TABLE II

TCA, A TRANSACTI ON H I STORY FOR CA CUSTOM ERS

Cid Transaction Date-And-Time Amount
1001 Deposit 2/1/02,12.00PM 650.33
1004 Withdraw 5/3/02,5.00PM 150
1005 Deposit 8/4/02,9.45AM 1015.99
1002 Withdraw 15/2/02,10.00AM 250.16
1003 Deposit 8/4/02,7.00PM 450.50

tokens for record comparisons,a high recall/precisionis achieved.
The techniquealso drastically lowers the dependency of the data
cleaningon match“threshold” choice.

C. Outline of the Paper
The rest of this paperis organizedas follows. An exampleof a

yet to be cleaneddata warehouseis given in section2. Section3
presentsthe token-baseddata cleaningalgorithm with an example,
while section4 presentsexperimentalperformancestudy to support
the contributions of this work. Section5 presentsconclusionsand
future work.

I I . AN EXAMPLE

Theexamplegiven is thatof a datawarehousebuilt from two data
sources,thesavingsaccount(SA), andthecheckingaccount(CA) of
a bank.The datawarehousefact table (FT), shown in Table III and
the customerdimensiontable(CDT) given asTableIV areyet to be
cleaned.TablesI and II are usedto recordtransactionsexecutedon
thetwo bankaccountsSA andCA by customers,for a shortperiodof
time. The “dirt” to be cleanedin CDT (TableIV) andFT (TableIII)
are describedin section2.2, while the tasksaccomplishedby the
proposedalgorithm are outlined in section2.3. The datawarehouse
schema,which representsan integration of the savings accountand
checkingaccountdatasourcesis shown below.

FT(WID, Trans-code, Account-code, Trans-time,
Amount)

CDT(WID, Name, Sex, Phone, DBirth, Address)
Transactions (Trans-code, Trans-name)
Accounts(Account-code, Account-name)
Times (Trans-time, Day, Month, Year)

This datawarehouseconsistsof the main fact table,(FT) (TableIII)
and four dimensiontables,only oneof which, CDT (Table IV) will
be cleanedin the example.

A. Dirt in the CustomerDimensionand Fact Tables
Two levels of dirt exist in Table IV, namely, field or attribute

level dirt and record level dirt. The field level dirt is the dirt that
occurswhen eachfield in a record is consideredin isolation. For
example, the “WID” field of Table IV has “ type-mismatch” dirt,
sincedifferent datatypesare usedto representpotentially the same
customer. There are also format differences in both “phone” and
“Birth” fields. For example, the phonenumber “2566416” in row
2 is written as“5192566416”in row 9, while the dateof birth of the
customerin row 2 written as“01-Jan-1975”hasa differentformat(1-
1-75) in row 9. Otherfield level dirt apparentin TableIV include:(i)

TABLE III

THE YET TO BE CL EANED FACT TABL E

Row WID Trans-type Account Trans-time Amount
1 S005 D SA 570A 525.25
2 1005 D CA 585A 1015.99
3 1004 W CA 1020P 150
4 S005 W SA 825P 125.44
5 1001 D CA 720P 650.33
6 S004 W SA 660A 325.50
7 1002 W CA 600A 250.16
8 S001 D SA 990P 1005.53
9 1003 D CA 1140P 450.50

TABLE IV

THE YET TO BE CL EANED CUSTOM ER DI M ENSI ON TABL E

Row WID Name Sex Phone Birth Address
1 S001 John M (519) 25-Dec-70 Sunset

Smith O 111-1234 # 995
N9B3P4

2 S002 Tim E. M 2566416 01-Jan-75 ABCD St.
Ohanekwu No. 695

n9b 2t7
3 S003 Colette M 123-4567 08/Aug/64 600 XYZ

Jones apt 5a5
N7C4K4

4 S004 Ambrose F 519 Nov/11/72 4 Church
A. Diana 6669999 Rd.

N8K6t6
5 S005 Smith F 519 30-Oct-78 182 Haven

John 560 3626 Ave
M9B3J7

6 1001 S. John M 1111234 25-12-1970 995 Sunset
Ave,

n9b 3p4
7 1002 JonCole M Null 08-08-1964 XYZ No. 600

apt 585
n7c 4k4

8 1003 Ambo D. F 566-5555 10-11-1972 Church
Dian St. # 4

n8k 6t6
9 1004 Ohanekw M 519 1-1-75 # 695 abcd

T.E 2566416 street
N9B2T7

10 1005 Edema M 977-5950 23-May-1967 98 Haven Rd.
Tom Obi Rd.

M8C 8S4

typographicerrors,(ii) different addressingconventions(in address
field), etc. The implication of field level dirt is that no particular
field is cleanenoughto determinerecordmatch.RecordLevel Dirt
is the combinationof all the fields’ dirt in a given row. For example,
row 1 of Table IV is a recordwith the following content(excluding
the Row and WID fields), “John SmithO, M, (519) 111-1234,25-
Dec-70,Sunset# 995 N9B3P4”. This appearsto be the sameperson
as row 6, with the following content(excluding the Row and WID
fields),“S.John,M, 1111234,25-12-1970,995SunsetAve, n9b3p4”.
An obvious implicationof recordlevel dirt is “that duplicatesarenot
easilydetermined”.Thefact table(TableIII) containsonly field level
dirt in the “WID” field. As it is, using different WID to represent
thesamecustomermakesit difficult to determineall the transactions
conductedby the samecustomers.

B. TheCleaningTasks
Two cleaningtasksto be carriedout on the customerdimension

table (Table IV) are: (i) duplicatedetection,and (ii) duplicateelim-
ination. Duplicate detectionrequiresa combinationof (piecesof)
information from two or more fields to find if two or more records



TABLE V

A TARGET FACT TABL E AFTER CL EANI NG

Row WID Trans-code Account-code Trans-time Amount
1 103078JS D SA 570A 525.25
2 32367EOT D CA 585A 1015.99
3 010175EOT W CA 1020P 150
4 103078JS W SA 825P 125.44
5 122570JOS D CA 720P 650.33
6 111172ADD W SA 660A 325.50
7 080864CJ W CA 600A 250.16
8 122570JOS D SA 990P 1005.53
9 111172ADD D CA 1140P 450.50

TABLE VI

A TARGET CUSTOM ER DI M ENSI ON TABL E AFTER CL EANI NG

Row WID Name Sex Phone Birth Address
1 122570JOS John M (519) 25-Dec-70 Sunset

Smith O 111-1234 # 995 N9B3P4
2 010175EOT Tim E. M 2566416 01-Jan-75 ABCD St. No.

Ohanekwu 695 n9b 2t7
3 080864CJ Colette M 123-4567 08/Aug/64 600 XYZ apt

Jones 5a5N7C4K4
4 111172ADD Ambrose F 519 Nov/11/72 4 ChurchRd.

A. Diana 6669999 N8K6t6
5 103078JS Smith F 519 30-Oct-78 182 Haven Ave

John 560 3626 M9B3J7
6 052367EOT Edema M 977-5950 23-Mar-1967 98 Haven Rd.

Tom Obi M8C 8S4

are the same.Duplicateelimination taskensuresthat only onecopy
of recordsfound to be duplicatesis retained.

The only way to establisha link betweenthe fact table(TableIII)
and the customerdimensiontable (Table IV) is to unify the entity
identity, such that it is possibleto determinethe transactionscon-
ductedby a given entity. This is not yet the case,becausedifferent
identities (e.g., S001 from the savings account,and 1001 from the
checkingaccount)areusedto representthe sameentity (JohnSmith
O and S. John).The effect of this is that it is impossibleto obtain
the correct total amountdepositedin all accountsby “John Smith
O”. This is also the casewith “Tim E. Ohanekwu”,“AmbroseA.
Diana”, etc. The solutionto this problemis to usethe sameidentity
valuefor thesamerealworld entity. For example,“122570JOS”will
be usedfor all the occurrencesof “S001” and “1001” in the fact
tableto reflect the fact that “John Smith O” and“S. John” represent
the sameperson.The sameis donefor records“S002” and “1004”,
“S004” and“1003”. Section3 discussestheprocessof producingthe
desiredfact table(TableV) andcustomerdimensiontable(TableIV)
after cleaningTablesIII and IV respectively, with the proposedTB
cleaner.

I I I . THE PROPOSED TOKEN-BASED DATA CLEANING

ALGORITHM

The proposedtoken-baseddata cleaningalgorithm, TB cleaner,
accepts “dirty” source tables, such as Tables I (recent SA
transactions),II (recentCA transactions),III (dirty FT), IV (dirty
CDT) and returns“cleaned” datawarehousetables,suchas Tables
V (cleanedFT) andVI (cleanedCDT). Basically, a userselectstwo
or threemost importantfields and ranksthem basedon their power
to uniquely identify records.The elementsin the selectedfields are
tokenizedresulting in a table of tokens(shown as Table VII). The
two most uniquely identifying fields of the table are usedas two
different main sort keys on the table of “tokens” to producetwo
sortedtoken-tables,which are shown as TablesVIII (tokenssorted
on birth day) and IX (tokens sortedon Name). Token-records in
close neighborhoodare comparedfor a match and warehouseid

(WID) is generatedfor records.The four steps(in sequence)in the
algorithmaredescribedbelow.
Step 1: Selectionand Ranking of Fields: The user familiar with
applicationdomain,is expectedto selectand rank 2 or 3 fields that
could be combinedto perfectlydiscriminateonerecordfrom
another. In our banking domain, selectedare the following fields
from Table 6: “Birth”, “Name” and “Address”and ranked them in
the ordergiven.
Step 2: Extraction and Formation of Tokens: This step entails
decomposing a divisible element, e into its divisible and/or
indivisible tokens.Furtherdecompositionis neededfor the divisible
tokens.The indivisible tokensarerecomposedin a desiredorder for
the element,e. Conversionfrom onedatatype to anothermay
be necessarywhere desired.For example, a date element,(like,

“19-Dec-1978”)is decomposedinto threemembers:day (19), month
(Dec)andyear(1978).Themonth,“Dec” is convertedto its numeric
equivalent, while the year (1978) is decomposedfurther into the
“century” (19) and “Year” (78) partsand only the day, month and
yearparts(not including the centurypart) are used.The final token
is “121978”, sortedin ascendingorder. Sometokensin the original
elementare consideredunimportant,hencewill be discarded.For
example,

����� �����	� � �
������� �������� �����	��� ��������� ������� �
are unimportant in the

“date”, “address”,and“telephone”elements.Title tokenslike “Mr .”,
“Ms”, and “Dr.” are excluded in “name” elements,while stop
words like “the”, “of ”, “for”, “in” are consideredunimportant in
publicationtitles. We recognizeanddefinethreetypesof tokens,as
follows.
(i) Numeric Tokens: These tokens comprise only digits
(0,1,2,3,4,5,6,7,8,9)and are obtained from numeric-dominated
fields such as “birth date”, “telephonenumbers”,“social insurance
number”,“studentnumbers”.
(ii) Alphabetic Tokens: Tokens in this category consist only of
alphabets(aA - zZ) and are obtainedfrom fields consistingmainly
of alphabets,e.g., “name of persons”,“company names”,“journal
names”, “publication titles”. A function is defined, which takes
string of input like “Dr. Christy I. Engings” or “C.I. Engings” or
“EngingsIny C.” andreturnsthe following alphabetictoken: “CEI”.
To form the alphabetictoken, the first characterof each word in
the field is obtained,and the token is madeup of thesecharacters
sortedin an order.
(iii) Alphanumeric Tokens: Thesetokens compriseboth numeric
and alphabetictokensand could be obtainedfrom fields containing
both numbersand strings, e.g., an “address” field. A function is
defined,which (1) decomposesa given alphanumericelementinto
its constituent members,(2) scans through the set of members
and selectsonly tokens that are either numericor alphanumericin
nature, (3) further decomposeseach of the alphanumericpart to
its numericand alphabeticparts,and (4) sorts the set of tokens in
certainorder(e.g.,ascending)to get an alphanumerictoken key. For
example, the function describedabove takes “600 XYZ blvd apt
585 N7C4K4” and returns “585600744NCK” as the alphanumeric



TABLE VII

THE TABLE OF TOKENS

Row WID Name Birth Address
1 S001 JOS 122570 934995NBP
2 S002 EOT 010175 927695NBT
3 S003 CJ 080864 74455600AKNC
4 S004 ADD 111172 4866NKT
5 S005 JS 103078 937182JMB
6 1001 JS 122570 934995NBP
7 1002 CJ 080864 744585600KNC
8 1003 ADD 101172 4866NKT
9 1004 EOT 010175 927695NBT
10 1005 EOT 052367 88498MCS

TABLE VIII

TOK ENS SORTED I N ASCENDI NG ORDER OF BI RTH TOK ENS

Row WID Name Birth Address
2 S002 EOT 010175 927695NBT
9 1004 EOT 010175 927695NBT
3 S003 CJ 080864 74455600AKNC
7 1002 CJ 080864 744585600KNC
10 1005 EOT 052367 88498MCS
8 1003 ADD 101172 4866NKT
5 S005 JS 103078 937182JMB
4 S004 ADD 111172 4866NKT
1 S001 JOS 122570 934995NBP
6 1001 JS 122570 934995NBP

token. This is obtainedfrom one of the numericand alphanumeric
constituentmembersof this address,600 585 744 NCK. When
theseare sorted in ascendingorder, the token 585600744NCKis
obtained.Applying the token extraction procedureon the “name”,
“birth” and ’address“fields of Table IV producesTableVII.
Step 3: Sortingof Tokens:The tableof tokens(TableVII) is sorted

separatelyon the two most uniquely identifying fields accordingto
therankingby theuser. Therefore,sortingrespectively on the“birth”
and “name” token fields producesTablesVIII and IX respectively.
Records“1003” and “S004” in Table VIII (highlighted) are not in
immediateneighborhoodof eachotherdueto a “numberdifference”
in the birth token. The sameis the casewith records“S001” and
“1001” in TableIX dueto “token inequality”. It canalsobesaidthat
records“1003” and “S004”, which are spreadapart in Table VIII
are close neighborsin Table IX. Conversely, records“S001” and
“1001”, which are not close neighborsin Table IX are brought to
closeneighborhoodin Table VIII. This is the essenceof sorting on
two tokens.The duplicatedetectionresultsfrom both token Tables
areeventuallycombinedto give the final optimal resultasexplained
later.

Step 4: Duplicate Detection, Elimination and Generation of
WarehouseIdentification:The main cleaningtasksareaccomplished

TABLE IX

TOK ENS SORTED I N ASCENDI NG ORDER OF NAM E TOK ENS

Row WID Name Birth Address
4 S004 ADD 111172 4866NKT
8 1003 ADD 101172 4866NKT
3 S003 CJ 080864 74455600AKNC
7 1002 CJ 080864 744585600KNC
2 S002 EOT 010175 927695NBT
9 1004 EOT 010175 927695NBT
10 1005 EOT 052367 88498MCS
1 S001 JOS 122570 934995NBP
5 S005 JS 103078 937182JMB
6 1001 JS 122570 934995NBP

TABLE X

DUPLICATE RECORD L ISTS FOR WID GENERATION

DuplicateSet First Record Token1(B.day) Token2(Name)�
1, 6� 1 (S001) JOS 122570�
2, 9� 2 (S002) EOT 010175�
3, 7� 3 (S003) CJ 080864�
4, 8� 4 (S004) ADD 111172�
5 � 5 (S005) JS 103078�
10� 10 (1005) EOT 052367

in this step.The threesub-stepsinvolved in cleaningare: detection
of record duplicates,elimination of duplicatesand generationand
applyingof warehouseidentification(WID).
(i) Detection of Duplicates: The “token-based”record match is
basedon the following valid argument:

If tokensare sufficientlyadequateto bring potentialdupli-
catestogether, thenthey canequallybeusedto determine
record match

The above argumentis formalizedasproposition1.

Proposition 1: Two or more records from different sourceswithin
the sameapplicationdomainwould mostlikely havethe sameor
nearly the sametokensif such tokenswere extractedfrom the most
uniquelyidentifyingattributesof the records.

The following sequenceis followed when two recordsare being
matched.Given two records,R � and R� having m pairs of token
fields, R ����� ,R����� ,. . . ,R����� ; R�	��� ,R�	��� ,. . . ,R����� . First, the similar-
ity match count (SMC) is determined.SMC is the number, n of
correspondingtoken fields that matchdivided by the total number,
m of token fields and rangesfrom 0.00 to 1.00. The value of SMC
of a match is usedto determinewhetherR � and R� are (i) perfect
match(if SMC is 1.0), (ii) nearperfectmatch(if SMC is between
0.66 and 0.99), (iii) maybea match (if SMC is between0.33 and
0.67) and (iv) no matchat all (if SMC is lessthan0.33).When the
SMC resultsin a “maybe match”, a function further computesthe
“similarity matchratio”, SMR of eachof the pairsof tokensthat did
not matchexactly. SMR is a characterlevel comparisonthat is used
to determinewhetherthe token pair matchor not. Given two tokens
� ���! #" � � with m andn charactersrespectively. Also, given that the
numberof characterscommonin ��� �! $" ��� is c. SMR is defined
as ��%&�' � . Tokens t � �� $" ��� are considereda match if and only if(*),+.-0/1� 2�3

. Oncethe SMR of the tokensare usedto determine
the numberof tokens that match, the SMC of the recordsis now
computedin orderto declaretherecordsa matchor not.Theoutcome
of applyingtheabove duplicatedetectionproceduresto tokenssorted
on Birth attribute, in Table VIII is the following pairs of duplicate
records:(S001,1001),(S002,1004),(S003,1002).Similarly, applying
the sameproceduresto the secondtoken table, Table IX, which is
sortedon theNameattribute,resultsin thefollowing duplicatesbeing
identified:(S002,1004),(S003,1002),(S004,1003).Theuseof two
tokensortkeysservesto identify all possibleduplicates.It canbeseen
that eachof the token tablesmissedone duplicatethat is identified
by the other. Finally the duplicateresultsidentified by eachof the
token tablesare integratedto obtain the list of recordduplicatesas:
(S001,1001),(S002,1004),(S003,1002)and(S004,1003).
(ii) Eliminationof DuplicatesandGenerationof WID: TableX shows
the final list of recordduplicatesobtained.The WID is formedfrom
the first record in the duplicate set of Table X by concatenating
the two most powerful tokens used in the sorting of the table of
tokens shown in this table. Only the first record in the duplicate
set is retainedin the customerdimensiontable, while the rest are
deleted.The old WID of the correspondingrecord is overwritten
with the newly generatedWID. The old WID of the records in



the fact table correspondingto the record(s)in the duplicatesetare
overwritten4 with thenew WID. Thefinal resultis a duplicate-freeand
cleanedcustomerdimensiontable (Table VI) and an entity-unified
fact table (TableV). In addition,a log table is generatedandstored
for subsequentcleaningtasks.

IV. PERFORMANCE ANALYSIS

This sectionpresentssomeresultsof the experimentsconducted
to measurethe performanceof the proposedtoken-basedalgorithm
(TB Cleaner) in comparisonwith two other algorithms, namely,
the basic field matchingalgorithm (Basic) [10] and the algorithm
describedin [9] (Lee’s). All the experimentswere performedon a
733 MHZ Intel PentiumIII PC with 128 MB main memoryrunning
Windows 2000 ProfessionalEdition. All the programswere coded
in Java and the input and output tables were kept in a database
managedby Oracle8i databasemanagementsystem,personaledition.
The input data were real data taken from the telephonedirectory
containing namesof clients of Bell Canada.Some missing fields
(e.g., dateof birth) in the input datawere addedin order to arrive
at the desiredschema.We also carefully introduceda variety of
“dirt” into thedata,suchas:(i) misspellings,(ii) transpositionerrors,
(iii) inconsistentuse of initials in names,(iv) different addressing
schemes,(v) synonyms,(vi) homonyms,(vii) recordduplicationsand
(viii) dataformat differences.

A. PerformanceParameters Used
The performanceof each algorithm was measuredagainst four

parameters,namely, (i) recall (RC), (ii) false-positive error (FPE),
(iii) reversefalse-positive error (RFP) and (iv) threshold.Recall is
the a ratio indicating the numberof duplicatescorrectly identified
by a given algorithm. For example, if “x” number of duplicates
were identified out of “y” number of duplicates,then the recall
is 56 , which when expressedin percentageis 5687:9 /;/ . False-
positive error is a ratio of wrongly identified duplicates.Formally,
False-positive errors,FPE=

&;< �>=@?�A�B�CEDFA�B &;G	H 6JILK ? &�M I C I ? KNK <�OPH I %@Q M ?�RM B M Q HS&;< �T=@?�A�B�C IUK ? &;M I C I ? KNK <�OPH I %�Q M ?�R7V9 /;/ . We introduce reverse false-positive error, (RFP) in this
paper as a performancemeasureand it indicates the number of
duplicatesthat a given algorithm could not identify. Formally, RFP
=
&;< �>=@?�A�B�C K <�OPH I %@Q M ?�R M�W Q M ?�R�%�Q O ? K�IUK ? &;M I C I %@Q M I B &M B M Q HS&�< �T=@?�A�B�C K <�OPH I %�Q M ?�R 7X9 /;/ . We want

to seehow a given algorithmfluctuateswith variedthresholdswhen
all other factorsare constant.We arbitrarily chosethree thresholds
- 0.25, 0.44 and 0.80. We maintain in this paperthat a good data
cleaningalgorithmshould:(i) have a high recall, (ii) have a very low
(betterif zero)FPE,hencehigh precision,(iii) a very low (betterif
zero)RFPand(iv) maintaina steadybehavior as thresholdvaries.

B. Four CaseExperiments
The results of four casestudiesare given in this section. We

useda small sized input data to enableus evaluate the output of
the experiments. For each experiment, we varied the threshold
three times, starting from a low threshold of 0.25 to a medium
sizedthresholdof 0.44 and finally to a high thresholdof 0.80. Our
proposedalgorithm(TB cleaner),the basicfield matchingalgorithm
(Basic alg.) [10], the algorithm describedin [9] (Lee’s alg) are
comparedandthe resultsfor the four casestudyaregiven asCASE
1 to CASE4 in TableXI. Eachof theseexperimentsis describednext.

Experiment 1: 20 rows of records,4 pairsof duplicates,trivial data
dirt - the resultsasCASE 1 of Table XI.
Experiment 2: 40 rows of records,7 pairsof duplicates,slightly less
trivial datadirt - TableXI, CASE 2.
Experiment 3: 80 rows of records,10 pairs of duplicates,advance
datadirt - resultsare in TableXI, CASE 3.
Experiment 4: 120 rows of records,14 pairsof duplicates,advance
datadirt - resultsin TableXI, CASE 4.
It is evident from the experimentalresultsthat our algorithm (TB

TABLE XI

EXPERIMENTS : RECALL(RC), FALSE POSITIVE ERROR (FPE) AND

REVERSE FALSE POSITIVE (RFP) ERROR AT VARIED THRESHOLDS

PRODUCED BY 3 ALGORITHMS

Algorithms Match ScoreThresholds
0.25 0.44 0.80

RC FPE RFP RC FPE RFP RC FPE RFP
CASE 1 Pairs of duplicatesfound from 4 actualpairs
TB cleaner 4 0 0 4 0 0 4 0 0
Basicalg 3 5 1 3 1 1 0 0 4
Lee’s alg 2 12 2 3 2 1 0 0 4
CASE 2 Pairs of duplicatesfound from 7 actualpairs
TB cleaner 7 1 0 7 1 0 7 0 0
Basicalg 5 4 2 6 0 1 1 0 6
Lee’s alg 5 17 2 5 3 2 0 0 7
CASE 3 Pairs of duplicatesfound from 10 actualpairs
TB cleaner 10 3 0 10 2 0 10 0 0
Basicalg 7 12 3 7 0 3 1 0 9
Lee’s alg 7 58 3 8 6 2 0 0 10
CASE 4 Pairs of duplicatesfound from 14 actualpairs
TB cleaner 12 9 2 13 7 1 14 0 0
Basicalg 8 19 6 8 3 6 1 0 13
Lee’s alg 8 111 6 8 13 6 0 0 14

cleaner)achieves an optimal cleaningcorrectnessin all caseswhen
the thresholdis 0.80. Looking at the Recall column of Table XI, at
a thresholdof 0.44, 4 pairs of duplicatesexist in the experimental
datain Case1 andTBcleanerfound all 4 pairs of duplicates,while
the other two algorithmsfound 3 pairs. TBcleaneralso found all 7
pairs and 10 pairs of duplicatesin dataCases2 and 3 respectively.
While TBcleanerfound 13 of the 14 pairsof duplicatesin dataCase
4, theothertwo algorithmsfoundonly 8 pairs.Resultsalsoshow that
token-basedalgorithmmaintaineda steadybehavior over a spectrum
of thresholdsbecausethresholdis only neededat one point, (i.e.,
“maybematch”) in the courseof cleaning.This is not so with Basic
alg. andLee’s alg.,which dependon thresholdat all cleaningpoints.

V. CONCLUSIONS AND FUTURE WORK

A token-basedalgorithm for cleaninga data warehouseis pre-
sented.Thenotionof “tokenrecords”wasintroducedfor recordcom-
parison.Existingalgorithmsusetokenkeysextractedfrom recordsfor
only sortingand/orclustering.Theresultsfrom theexperimentsshow
that the proposedtoken-basedalgorithm outperformsthe other two
algorithms.It hasa recall closeto 100%,aswell asnegligible false
positive errors.We succeededin reducingthenumberof tokentables
to a constantof 2, irrespective of thenumberof fieldsselectedby the
user. This is agreatimprovementover thealgorithmsdescribedin [5],
[6], where the numberof token key tablesincreasesproportionally
to thenumberof fields in use.In addition,thesmarttokensaremore
likely applicableto domain-independentdatacleaning,andcould be
usedaswarehouseidentifiersto enhancethe processof incremental
cleaningandrefreshingof integrateddata.
Future work should consider applying this token-basedcleaning
techniqueon unstructured,andsemi-structureddata.
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