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1 RecordLinkage/File matching

A goal of recordlinkage is to join togethertwo files
that containinformationon the sameindividuals,but
lack uniquecodesto bring the piecesof information
togethercorrectly. Large-scaleapplicationsof record
linkagecanbefoundin federalstatisticalsystems
(Alvey andJamerson1997)andmedicalstudies(New-
combe1988), in which databasesarevery large and
processingtimeandaccuracy areconcerns.

Fellegi andSunter(1969),formalizingideasof New-
combeetal. (1959),proposedamodelfor recordlink-
age.Let therebetwo filescalledfile

�
andfile � . The

setof recordpairs
��� �����	��
��������
�� � ��������� is

composedof two disjointsubsets:thesetof truelinks,�
, andthesetof truenonlinks, � .
For eachpair of records��
����� , theoutcomesof a1

seriesof comparisonsarereportedin a vector:� ��
����������� � � ��
��������!"�$#%��&�&�&'��()� , where�*� ��
�����+�# if records
 and � agreeon comparison! and0 oth-
erwise. If the variablesin file

�
are ,+-'��&�&�&��.,0/ and

in file � they are 12-'��&�&�&��.13/ , then � � ��
�����2�4# if, � ��
*�5�61 � ����� . In U.S. censusoperations,the fields
usedfor comparisonoften includefirst andlastname,
housenumberandstreetaddress,phonenumber, sex,
race,age,andrelationto headof household.Unique
identifying numbersaretypically not availableor are
reportedwith errors. The first tablebelow illustrates
thefile structure.If clerkswereableto review all pairs
of records,thenthepairscouldbedividedinto two sets�6� �7� � � (Fellegi, Sunter1969), where

�
containstruelinks and � truenonlinks.Thefollowing
tablepresentspartof asimulateddataset.

File A File B

matching matching
variables variables8*9 :;:;:<8= > ? @"9 :A:B:4@�=

C
D

ComparisonVectors Numberof Pairs� � � Total
1 1 1 1 1 511 4 515
1 1 1 1 0 268 19 287
1 1 1 0 1 115 10 125
1 1 1 0 0 58 54 112
1 1 0 1 1 49 10 59
...
...
0 0 0 0 1 3 1150 1153
0 0 0 0 0 1 9579 9580

The modelcontainssomeunknown probabilities.
Theseincludethe fraction of pairs that are true links
(P(

�
)) andnonlinks(P(� )) andthechanceof observ-

ing apatternof responses� in eachof thetwo underly-
ing sets:P(�FE � ) andP(�FE � ). If theconditionalprob-
abilities were known, then it would be possibleto a
computelikelihoodratio, GH�JIK� �FE � ��L	IK� �FE �2� , for
eachagreement-disagreementpattern� . The Fellegi-
Sunter(1969)procedureis asfollows:

Declare��
0����� to beamatchif GNM uppercutoff.
Declare��
0����� to beanonmatchif GPO lowercutoff.
Otherwisesend��
����� to clericalreview.

The cutoffs are determinedto minimize the amount
of clerical review at pre-seterror rates. The log of
the likelihoodis oftencalleda weight. The larger the
weight,themorelikely thepair with a givencompari-
sonvectoris to bea truelink.
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2 The Useof Mixtur e Models for
RecordLinkage

Finite mixturemodelsareusefulwhenthepopulation
being studiedis composedof two or more subpopu-
lationsthat arenot clearly identified(McLachlanand
Peel2000). In recordlinkage,beforeclerical review
hasbeencompletedandin theabsenceof uniqueiden-
tifying information,thestatusof pairsastruelinks and
truenonlinksis unknown, but real. Beforeclericalre-
view is undertaken,mixturemodelscanbeappliedto
the agreement/disagreementpatternsbetweenrecord
pairs in order to estimateprobabilitiesusedin calcu-
lating record linkage weights. In someapplications
(e.g.,LarsenandRubin2001andreferencestherein),
themixtureclassescorrespondvery closelyto thesets
of truelinks andtruenonlinks.

Let Q��R#%��&�&�&'��S be the mixture classes.Obser-
vationsthat are unclassifiedarisefrom one of the S
classes,butclassmembershipisunknown. Themarginal
probabilityof acomparisonvector� is

IK� � �+�
T
UWV -

X U IK� �FE classg ��&
Fellegi andSunter(1969)andotherauthorshave

madean assumptionof conditional independenceof
comparisonfields within classes.The mixture model
thenisusuallyreferredtoasalatentclassmodel(Good-
man1974,Haberman1974,1979). In suchasmodel,
theprobabilityof comparisonvector� in classQ is

IK� �FE classg �Y�
/
� V - IK�

�*�E classg ��&
Theconditionalindependenceassumptionisnotneces-
saryandhasbeenrelaxedby LarsenandRubin(2001)
andotherauthorsreferencedtherein.

In the caseof binary comparisonson eachfield
of information, the data to which the mixture mod-
els arebeingfit arecountsin a Z / table. Let record
pairsbeindexed [F��#\��&�&�&��.] . Thefactthatclassifica-
tion of pairsinto underlyingclassesis unknown canbe
representedby variableswhich aremissing. For [2�#\��&�&�&��.] andQK�$#\��&�&�&���S , let ^B_ U �`# if pair [ is from
mixtureclassQ and0 otherwise.Then aUWV - ^'_ U �6# .
Using Bayes’Theorem,given parametervalues,it is
possibleto computetheprobabilityof membershipin
classQ givenacomparisonvector� :

IK��^B_ U �`# E � � parameters�+� X U IK� �FE classg �Tb V - X
b IK� �FE classh � &

It is possiblealso to computethe Fellegi-Sunter
likelihoodratiogiventhemixturemodelparameteres-
timates. If someof the latent classesare associated
with thetruelinks (Qc�ed+f ) andotherswith truenon-
links (Qg�)d�h ), then

U%i\j*k
X U IK� �FE classg �l� IK� � ��IK� �FE � �

and

U%i\j m
X U IK� �FE classg �l� IK���2��IK� �FE �2�

andtheFellegi-Sunterlikelihoodratio is

n � �FE � ��L n � �FE �2�+� n � � E � � n � � ��L n ��� E � � n ���2��&
It alsois possibleto estimateerrorrates,o and p :

_ �rq -
_ V -

n � � _ E �K�<Osost
_ �
_ V -

n � � _ E �K���
a
u V u �

n � � u E � �wvNpxM a
u V u � y -

n � � u E � ��&
Algorithmsfor maximumlikelihoodestimationof

latentclassmodelsandof moregeneralmixturemod-
els for crossclassifiedtablesof countshave beenpre-
sentedby variousauthors(e.g.,ArmstrongandMayda
1993,Winkler 1988,1994). LarsenandRubin(2001)
containsreferencesto generalliteratureandto articles
specificto recordlinkage.MostauthorsusetheExpectation-
Maximization(EM; Dempster, Laird,andRubin1977)
or the Expectation-ConditionalMaximization (ECM;
MengandRubin1993)algorithms.Larsen(1994,1996)
fit BayesianlatentclassandBayesianlog linearmod-
elsto recordlinkagedata.Bayesianmethodsfor table
of countsalso have beenpresentedin Gelmanet al.
(1995).

3 Blocking and 1-1assignment

A few issuesarisein theactualrecordlinkagedatathat
typically are not includedin the mixture modelsde-
scribedabove. As theoryfor recordlinkagedevelops
andmodelingof dataimproves,it will beimportantto
considerthesedimensionsof thedata.

3.1 Blocking

A first issueis referredto asblocking. Not all record
pairs ��
����� arecomparedto oneanother;recordpairs
arecomparedonlywithin blocksof records.In thecen-
susapplications,theblocksaregeographicallydefined
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andclearly identifiable. The blocksrepresentimpor-
tant structurein the data. It is assumedthat it is un-
likely thattruematchesexist acrossblocks.

Theproportionsof matchesandnonmatcheswithin
a block variesacrossthe blocks. For example,in the
censusapplications,somearestablesuburbsandoth-
ersarehighly mobileinnercitiesor placesarounduni-
versities.

The characteristicsof populationsin termsof the
matchingvariablesvariesby block. Certaintypesof
namesarecommonin someareas,but rarein others.
Racemight not be informative in somecommunities,
but moreinformative in others.

If samplesizeswithin blockswerenot small, one
could imagineapplying the Fellegi-Sunterprocedure
separatelyin eachblock. In censusgeography, how-
ever, the samplesizeswithin blockswill not be very
large.

3.2 One-to-oneAssignment

In many applications,it isassumedthatduplicateswithin
afile arefew in numberor canbeeliminatedbeforethe
file it linked to anothersource. Removing duplicates
might be feasibleif within a file subjectsuseunique
identificationcodesor recordsare accumulatedover
time (e.g.,in a hospitalor insuranceplan)andcanbe
unduplicated.A modificationof the above procedure
couldalsobeusedto locatelikely duplicates.

If it is assumedthatthereareno duplicatesin files�
and � , then thereshould be at most one unique

matchfor eachrecordin eachfile. Thatis, if z{��
0�����Y�# if pair ��
0����� is a matchand zero otherwise,then|}i\~����A� � z{��
������t�# and ~;i%~����A� � z{��
0������t�# .
Many operationsin practicetodayimposeone-to-

onematchingconstraintsafter fitting mixture models
to thefull setof possiblepairswithin blocks(Jaro1989,
1995,Winkler 1995).A consequenceof not imposing
the one-to-onerestrictionsbeforeestimatingparame-
ters is that the sum of expectedvaluesof indicators
( ^'_ U ’s) within a blockcanbelargerthanthesizeof the
blockor thesumover Q for aparticular[ canbediffer-
entfrom 1.

3.3 Logical constraints

Thereareother logical constraintson the latentdata.
Within a block, thetotal numberof matchedpairshas
to belessthanthesmallerof thetwo filesin thatblock:�

linkedpairsin a block t�������� � � � � � in theblock��&
Also, it seemsreasonableto requiretheprobabilityof
agreeingon a field of comparisonto behigheramong

matchesthanamongnonmatches:

IK� �*��E � �FvNIK� �*��E �2����!��`#\��&�&�&���(�&
This constraintcanbe translatedto a constraintabout
therelationshipsof conditionalprobabilitiesin the la-
tentclasses.

4 BayesianRecordLinkage

Onemotivation for consideringa Bayesianapproach
to recordlinkageis that thereis a greatdealof expe-
riencewith recordlinkagein certainsettings,suchas
in censusandhealthapplications.Therearesomedata
setsin theseareaswhereclerical review hasverified
thelink/nonlink statusof everypairof records(at least
within blocks).

In order to implementa Bayesianmixture model
approachfor recordlinkage,onemay specifya prior
distributions on the probabilitiesof comparisonpat-
terns:

��I��*� � �g� E � ��� Dirichlet��� f� �
��I��*� � ��� E �K�F� Dirichlet��� h� �

where the distribution are Dirichlet with parameters� f� for thelinks and � h� for thenonlinks.
In the latentclassapproach,onecanspecifyinde-

pendentBetadistributionsfor theagreementprobabil-
itiesamongthelinks andnonlinks:

IK� � � �`# E � ��� Beta���Yf � �.��f � ���
IK� � � �`# E �2��� Beta����h � ����h � ��&

The probability of being a true link also needsa
prior distribution, which canbetakenasa Betadistri-
bution: n f�� Beta�������5��&

It is possibleto specify the prior distribution by
thinking abouta tableof countsfor matchesand for
nonmatches.Informationaboutthe prior formulation
canbetakenfrom previousrecordlinkageexperiments
in whichclerkshavereviewedthedataanddetermined
match/nonmatchstatus.

4.1 Simulation of the Posterior Distribu-
tion

Theresultsof Bayesianrecordlinkagecouldbesum-
marizedby simulatingtheposteriordistributionof un-
known parametersand of the unknown indicatorsof
link/nonlink statuŝB_ U . Computationsof this sort can
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be accomplishedvia DataAugmentation(Tannerand
Wong 1987) or Gibbs sampling(Gelfand and Smith
1990).

Onedifficulty in thisapproach,which is aproblem
for all similar approachesaswell, is thattheunknown
indicatorŝB_ U mustbegeneratedgiventhecurrentpa-
rameters.This is difficult whenonewantsto satisfy
the constraintson the datadescribedin the previous
section.

4.2 An alternative Bayesianapproach

AnotherBayesianapproachis consideredby Fortini,
Liseo, Nuccitelli, and Scanu(2000). Theseauthors
avoid placingprior distributionson parametersby av-
eragingover themanalytically.

Theseauthorsrely heavily on theprior distribution
ratherthanmakingmodelingassumptionsor placing
restrictionson theparametersto force their modelsto
locatematchesandnonmatchesratherthansomeother
subsetof thedata. Futurework will comparethe two
approaches.

4.3 A Hierarchical Model

An extensionof the Bayesianapproachdiscussedin
this commentis to proposea hierarchicalmodel for
recordlinkage.Thehierarchicalmodelcouldbeuseful
in recordlinkagebecauserecordlinkagemustbeper-
formedacrossmany sitesandblocksall of whichhave
somesimilaritiesin theirparametersbut somevariabil-
ity. The ideawould be to allow eachareato adaptto
its own configurationof agreement/disagreementpat-
terns,but to limit thevariability by relatingtheparam-
etersacrosssitesor blocks to one anotherthrougha
hierarchicalmodel.

Within block � , the prior distributionson parame-
terscouldbe

IK� � � �`# E � �����F� Beta��� ~ f � �.� ~ f � �
IK� � � �`# E �������F� Beta��� ~ h � �.� ~ h � �n f ~ � Beta��� ~ �.� ~ ��&

Acrossblockstheparametersof thesedistributionscould
berelatedto oneanotherthroughthefollowing distri-
butions.

��� ~ f � ��� ~ f � ���N�����o�f � ���Ff � �
��� ~ h � �.� ~ h � ���N�����o�h � �%�Fh � �

��� ~ ��� ~ ���N�����o�������&
Given thenumberof parametersinvolved in these

modelingspecifications,thelikelihoodfor thedatacould
betakenasthelikelihoodfrom thelatentclassmodel.

4.4 Simulating the Posterior Distribution

Thesimulationof theposteriordistribution is morein-
volved thanit wasbeforebecauseof the secondlevel
of thehierarchy andthenumberof parameters.If the
prior distribution for theparametersacrosstheblocks
is chosenasabove, thenthe simulationof the poste-
rior distribution can be accomplishedwith using the
Metropolis-Hastingsalgorithmwithin aGibbs
samplingsequence.

5 Estimation of RegressionCoef-
ficients

After file
�

and file � have beenlinked together, it
might be of interestto analyzerelationshipsbetween
variablesthatwereoriginally separateon thetwo files.
If mismatcherrorsareintroducedduring recordlink-
age, statisticalanalysesbasedon linked datacanbe
adverselyaffected. Work on this problemhasbeen
doneby Lahiri andLarsen(2002)andScheurenand
Winkler (1993,1997).

Considerthefollowing regressionmodel

� _Y�N Y¡_ �)¢�£._���[��`#%��&�&�&��.]��
where �_¤�¥�� �_�-B��¦�¦�¦'�� �_�§0� ¡ is a vectorof n known co-
variates,̈���£._W�¤�H© , ªK
�«+��£._W�¤�6¬ � , and '®A,{��£._¯��£ u �{�© for [±°�P²}�4['�.²"�`#\��&�&�&.]�& As in thefirst figure,sup-
posethatresponse( ³ ) is in file � , thecovariates(́ )
arein file

�
, andthe two files arelinked imperfectly.

Thetruepairs( �_�� � _ ) arenot observable. Instead,we
observe ^ ¡_�µ whichmayor maynotcorrespondto  �_�&

ScheurenandWinkler (1993)proposedthefollow-
ing modelfor ^'_ ’s:

^'_R� � _ with probability ¶;_�_� u with probability ¶;_ u for [±°�N² ,

where au V - ¶;_ u �`#\�4[B��²"�$#\��&�&�&��.]·��[¸°�P²���&
A naiveestimatorof � wouldbe¹��º»�`��´)¡�´¼� q - ´)¡�½·�

wheré¾�$��  ¡ - ��&�&�&���  ¡ a � ¡ and ½s�`��^\-'��&�&�&���^ a � ¡ & This
estimatoris biaseddueto the imperfectlinkageof re-
sponseandpredictorvariables.

An improvedestimatorwaspresentedby Scheuren
andWinkler (1993). An iterative procedurewaspre-
sentedby Scheurenand Winkler (1997). Lahiri and
Larsen(2002;submittedto JASA) developedanalter-
nativeestimatorof � andits SE.All thesemethodsuse
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theestimatedprobabilityof beinglinks for adjustment
of regressionresults.

TheBayesianapproachto recordlinkagediscussed
in this papercanbe usedin combinationwith the re-
gressionadjustmentproceduresthatuseestimatedprob-
abilitiesin estimation.

6 Summary

A hierarchicalBayesianrecordlinkagemethodhasbeen
outlined in generalform. Important considerations,
suchasone-to-onematching,for modelingdatain record
linkageoperationsalsohave beendescribed.Thefur-
ther issueanalyzingdatacreatedthroughrecordlink-
agein subsequentanalyseshasbeenbriefly presented.

The hierarchicalBayesianrecordlinkagemethod
hasbeenimplementedfor smalltestdatasetswith very
goodmatchinginformation. The methodwill be im-
plementedfor larger datasetsbasedon U.S. census
operations.In short,Bayesianmixturemodelscanbe
usedto clusterpairs ��
0����� into links andnonlinks,as
describedin the Fellegi-Sunter(1969)approach,and
uncertaintyin errorratescanbeexpressedthroughsim-
ulation.

TheoutputtheBayesianrecordlinkageprocedure
canbe usedin the Lahiri andLarsen(2002)method.
Themethodof Lahiri andLarsen(2002)hasbeenim-
plementedusingtheoutputof
Bayesianrecordlinkage.Thisworksprettywell onthe
simulateddata.

Attemptswill bemadeto unify therecordlinkage
modelandtheregressionmodelintoonefully Bayesian
model. As in Scheurenand Winkler (1997), an im-
provementboth in the recordlinkageandin the esti-
mationof theregressionparametersmight bepossible
by consideringtherelationshipbetweenlinkageprob-
abilitiesandresidualsin theregression.

Furtherwork onusingrealprior informationin the
form of datafrom otherrecordlinkageoperationswill
beconducted.

Finally, further researchand testingwill be done
onefficientimplementationof thesamplingalgorithms
for Bayesianrecordlinkagewith largedatasets.
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