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1 RecordLinkage/File matching

A goal of recordlinkageis to join togetherntwo files
that containinformationon the sameindividuals, but
lack uniquecodesto bring the piecesof information
togethercorrectly Large-scaleapplicationsof record
linkagecanbefoundin federalstatisticalsystems
(Alvey andJamersorni997)andmedicalstudiegNew-
combel1988),in which databasesare very large and
processindime andaccurag areconcerns.

Fellegi andSunter(1969),formalizingideasof New-
combeetal. (1959),proposedh modelfor recordlink-
age.Lettherebetwo files calledfile A andfile B. The
setof recordpairsA x B = {(a,b),a € A,b € B}is
composeaf two disjointsubsetsthe setof truelinks,
M, andthe setof truenonlinks,U.

For eachpair of records(a, b), the outcomeof al
seriesof comparisonswrereportedn avector:

Y(a,b) = {yk(a,b),k =1,..., K}, wherey(a,b) =
1 if recordsa andb agreeon comparisork andO oth-
erwise. If the variablesin file A arewvy,...,vx and
in file B they arewy, ..., wk, theny(a,b) = 1 if

vg(a) = wg(b). In U.S. censuoperationsthe fields
usedfor comparisoroftenincludefirst andlastname,
housenumberandstreetaddressphonenumbey sex,

race,age,andrelationto headof household.Unique
identifying numbersaretypically not available or are
reportedwith errors. The first table below illustrates
thefile structure If clerkswereableto review all pairs
of recordsthenthepairscouldbedividedinto two sets
A x B = MU (Fellegi, Sunter1969), where M

containgruelinks andU truenonlinks. Thefollowing

tablepresentpartof a simulateddataset.

File A File B
matching matching
variables variables

U1 . VK X Y w1 . WK
a
Comparison/ectors Numberof Pairs
vy M U  Total
1 1 1 1 1|51 4 515
1 1 1 1 0 |268 19 287
1 1 1 0 1115 10 125
1 1 1 0 0| 58 54 112
1 1 0 1 1] 49 10 59
0O 0 0O o0 1 3 1150 1153
0O 0 O o0 o 1 9579 9580

The model containssomeunknavn probabilities.
Theseincludethe fraction of pairsthataretrue links
(P(M)) andnonlinks(P(U)) andthe chanceof observ-
ing a patternof responses in eachof thetwo underly-
ing sets:P(y|M) andP(y|U). If the conditionalprob-
abilities were known, thenit would be possibleto a
computelikelihoodratio, A = P(y|M)/P(v|U), for
eachagreement-disagreemepdtterny. The Fellegi-
Sunter(1969)proceduras asfollows:

Declare(a, b) to beamatchif A > uppercutof.
Declare(a, b) to beanonmatchf A < lower cutof.
Otherwisesend(a, b) to clericalreview.

The cutofs are determinedto minimize the amount
of clerical review at pre-seterror rates. The log of
thelikelihoodis often calleda weight. Thelargerthe
weight,the morelikely the pair with a givencompari-
sonvectoris to beatruelink.
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2 The Useof Mixtur e Models for
Record Linkage

Finite mixture modelsare usefulwhenthe population
being studiedis composedf two or more subpopu-
lationsthat are not clearly identified (McLachlanand
Peel2000). In recordlinkage, beforeclerical review
hasbheencompletedandin theabsencef uniqueiden-
tifying information,the statusof pairsastruelinks and
true nonlinksis unknawn, but real. Beforeclericalre-
view is undertalken, mixture modelscanbe appliedto
the agreement/disagreemepatternsbetweenrecord
pairsin orderto estimateprobabilitiesusedin calcu-
lating recordlinkage weights. In someapplications
(e.g.,Larsenand Rubin 2001 andreferencesherein),
the mixture classesorrespondery closelyto the sets
of truelinks andtrue nonlinks.

Letg = 1,..., G bethe mixture classes.Obser
vationsthat are unclassifiedarisefrom one of the G
classeshut classnembershifis unknavn. Themaiginal
probabilityof a comparisorvectory is

G
P(y) = m,P(y|classg).

g=1

Fellegi and Sunter(1969) and other authorshave
madean assumptiorof conditionalindependencef
comparisorfields within classes.The mixture model
thenis usuallyreferredto asalatentclassmodel(Good-
man1974,Habermarnl974,1979). In suchasmodel,
the probabilityof comparisorvector in classg is

K
P(| classg) = [ | Pl classg).
k=1

Theconditionalindependencassumptiolis notneces-
saryandhasbeenrelaxedby LarsenandRubin(2001)
andotherauthorsreferencedherein.

In the caseof binary comparisonson eachfield
of information, the datato which the mixture mod-
els are beingfit are countsin a 2% table. Let record
pairsbeindexedi = 1,...,n. Thefactthatclassifica-
tion of pairsinto underlyingclassess unknavn canbe
representedby variableswhich are missing. For i =
1,...,nandg=1,...,G, letz;, = 1if pairiisfrom
mixture classg andO otherwise.Theny~"_, z;, = 1.
Using Bayes’ Theorem,given parametewnalues,it is
possibleto computethe probability of membershipn
classg givena comparisorvectory:

7, P(1] classg)

P(z;4 = 1|7, parameters= ZG - classh)'
h=1"h

It is possiblealsoto computethe Fellegi-Sunter
likelihoodratio giventhe mixture modelparametees-
timates. If someof the latent classesare associated
with thetruelinks (g € Sj,) andotherswith truennon-
links (g € Sy), then

Y mP(ylclassg) = P(M)P(y|M)
9€ESM

and
> mP(ylclassg) = PU)P(H|U)
gESY

andtheFellggi-Sunterikelihoodratio is

p(|M)/p(v|U) = p(M|7)p(M)/p(U}7)p(U).
It alsois possibleto estimatesrrorrates,. and A:

i'—1 ’

D opilU) <p< D ptull),

i=1 i=1
dop(yIM) =x> Y p(yM).
=i =i+

Algorithmsfor maximumlik elihoodestimationof
latentclassmodelsandof moregeneralmixture mod-
elsfor crossclassifiedtablesof countshave beenpre-
sentecby variousauthorg(e.g.,ArmstrongandMayda
1993,Winkler 1988,1994). Larsenand Rubin (2001)
containsreferenceso generaliteratureandto articles
specificto recordinkage.Mostauthorauisethe Expectation-
Maximization(EM; DempsterLaird, andRubin1977)
or the Expectation-ConditionaMaximization (ECM;
MengandRubin1993)algorithms.Larsen(1994,1996)
fit BayesianatentclassandBayesiarlog linearmod-
elsto recordlinkagedata. Bayesiarmethodsfor table
of countsalso have beenpresentedn Gelmanet al.
(1995).

3 Blocking and 1-1assignment

A few issuesarisein theactualrecordlinkagedatathat
typically are not includedin the mixture modelsde-
scribedabore. As theoryfor recordlinkage develops
andmodelingof dataimproves,it will beimportantto
considethesedimension®f thedata.

3.1 Blocking

A first issueis referredto asblocking. Not all record
pairs(a,b) arecomparedo oneanother;recordpairs
arecompareanly within blocksof records.In thecen-
susapplicationsthe blocksaregeographicalliydefined
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and clearly identifiable. The blocksrepresentmpor
tant structurein the data. It is assumedhatit is un-
likely thattrue matchesxist acrosslocks.

Theproportionf matchegandnonmatchewvithin
a block variesacrossthe blocks. For example,in the
censusapplications someare stablesuturbsandoth-
ersarehighly mobileinnercitiesor placesarounduni-
versities.

The characteristic®f populationsin termsof the
matchingvariablesvariesby block. Certaintypesof
namesare commonin someareasbut rarein others.
Racemight not be informative in somecommunities,
but moreinformative in others.

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

3.2 One-to-oneAssignment

In mary applicationsit is assumethatduplicatesvithin
afile arefew in numberor canbeeliminatedbeforethe
file it linked to anothersource. Remaing duplicates
might be feasibleif within a file subjectsuseunique
identification codesor recordsare accumulatecbver
time (e.qg.,in a hospitalor insuranceplan) andcanbe
unduplicated.A modificationof the above procedure
couldalsobeusedto locatelikely duplicates.

If it is assumedhatthereareno duplicatesn files
A and B, then there should be at most one unique
matchfor eachrecordin eachfile. Thatis, if I(a,b) =
1 if pair (a,b) is a matchand zero otherwise,then
Zaeblock I(a7 b) <1 andeeblack I(av b) <L

Many operationdn practicetodayimposeone-to-
one matchingconstraintsafter fitting mixture models
tothefull setof possiblepairswithin blocks(Jaro1989,
1995, Winkler 1995). A consequencef notimposing
the one-to-onerestrictionsbefore estimatingparame-
tersis that the sum of expectedvaluesof indicators
(zi4’s) within a block canbe largerthanthe sizeof the
block or thesumover g for aparticular: canbediffer-
entfrom 1.

3.3 Logical constraints

Thereare otherlogical constraintson the latentdata.
Within a block, thetotal numberof matchedpairshas
to belessthanthe smallerof thetwo filesin thatblock:

# linkedpairsin ablock < min(#A, #B in theblock).

Also, it seemgeasonabléo requirethe probability of
agreeingon a field of comparisorto be higheramong

matcheghanamongnonmatches:
P(y|M) > P(w|U),k=1,..., K.

This constraintcanbe translatedo a constraintabout
therelationshipof conditionalprobabilitiesin the la-
tentclasses.

4 BayesianRecordLinkage

One motivation for consideringa Bayesianapproach
to recordlinkageis thatthereis a greatdeal of expe-
riencewith recordlinkagein certainsettings,suchas
in censusandhealthapplicationsTherearesomedata
setsin theseareaswhereclerical review hasverified
thelink/nonlink statusof every pair of recordqatleast
within blocks).

In orderto implementa Bayesianmixture model
approacHor recordlinkage,one may specifya prior
distributions on the probabilitiesof comparisonpat-
terns:

(Py,v € I'|M) ~ Dirichlet(a}’)
(Py,y € T|U) ~ Dirichlet(a))

where the distribution are Dirichlet with parameters
o for thelinks anda?/ for thenonlinks.

In the latentclassapproachpnecanspecifyinde-
pendenBetadistributionsfor the agreemenprobabil-

ities amongthelinks andnonlinks:
P(yp = 1|M) ~ Beta anrk, Bark)s

Py = 1|U) ~ Betd av, Bur).-

The probability of beinga true link also needsa
prior distribution, which canbetaken asa Betadistri-
bution:

Pmr ~ Betdav ﬁ)

It is possibleto specify the prior distribution by
thinking abouta table of countsfor matchesand for
nonmatcheslnformationaboutthe prior formulation
canbetakenfrom previousrecordlinkageexperiments
in which clerkshave reviewedthedataanddetermined
match/nonmatchktatus.

4.1 Simulation of the Posterior Distrib u-
tion

The resultsof Bayesianrecordlinkage could be sum-
marizedby simulatingthe posteriordistribution of un-
known parametersand of the unknavn indicatorsof
link/nonlink statusz;,. Computationsf this sortcan
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be accomplishediia Data Augmentation(Tannerand
Wong 1987) or Gibbs sampling(Gelfand and Smith
1990).

Onedifficulty in this approachwhichis aproblem
for all similar approacheaswell, is thatthe unknavn
indicatorsz;, mustbe generatedjiventhe currentpa-
rameters. This is difficult when onewantsto satisfy
the constraintson the datadescribedn the previous
section.

4.2 An alternative Bayesianapproach

Another Bayesianapproachis considerecdby Fortini,
Liseo, Nuccitelli, and Scanu(2000). Theseauthors
avoid placingprior distributionson parameterdy av-
eragingoverthemanalytically

Theseauthorgely heavily onthe prior distribution
ratherthan making modelingassumption®r placing
restrictionson the parameterso force their modelsto
locatematchesndnonmatchesatherthansomeother
subsetf the data. Futurework will comparethe two
approaches.

4.3 A Hierarchical Model

An extensionof the Bayesianapproachdiscussedn
this commentis to proposea hierarchicalmodel for
recordlinkage. Thehierarchicamodelcouldbeuseful
in recordlinkagebecauseecordlinkagemustbe per
formedacrosamary sitesandblocksall of which have
somesimilaritiesin their parameterbut somevariabil-
ity. Theideawould beto allow eachareato adaptto
its own configurationof agreement/disagreemeput-
terns,but to limit thevariability by relatingthe param-
etersacrosssitesor blocksto one anotherthrougha
hierarchicaimodel.

Within block b, the prior distributionson parame-
terscouldbe

P(ye = 1|M,b) ~ Betdapnrk, By
P(yk = 1|U,b) ~ Betd v, Bouk)

P ~ Betday, By).
Acrossblockstheparametersf thesadistributionscould
berelatedto oneanotherthroughthe following distri-
butions.

(aparks Boarr) ~ No(park, Xark)
(v, Bouk) ~ No(kuk, Xuk)

(O[b, Bb) ~ N2<,U7 E)

Giventhe numberof parameterinvolvedin these

modelingspecificationsthelik elihoodfor thedatacould
betakenasthelik elihoodfrom thelatentclassmodel.

4.4 Simulating the Posterior Distrib ution

Thesimulationof the posteriordistribution is morein-
volved thanit wasbeforebecausef the secondevel
of the hierarcly andthe numberof parameterslif the
prior distribution for the parameterscrossthe blocks
is chosenas above, thenthe simulationof the poste-
rior distribution can be accomplishedwith using the
Metropolis-Hastingslgorithmwithin a Gibbs
samplingsequence.

5 Estimation of RegressionCoef-
ficients

After file A andfile B have beenlinked together it

might be of interestto analyzerelationshipsbetween
variableghatwereoriginally separat®n thetwo files.

If mismatcherrorsareintroducedduring recordlink-

age, statisticalanalysesasedon linked datacanbe
adwersely affected. Work on this problemhasbeen
doneby Lahiri and Larsen(2002) and Scheurerand
Winkler (1993,1997).

Considetthefollowing regressiommodel

/ .
vi=z;B+e,i=1,...,n,

wherez; = (z;1,---,xip)’ is avectorof p known co-
variates,E(e;) = 0, Var(e;) = o2, andeov(e;, ;) =
O0fori=#j, 1,7=1,...n.Asinthefirstfigure,sup-
posethatrespons€Y) is in file B, the covariates(X)
arein file A, andthetwo files arelinked imperfectly
Thetrue pairs(z;, y;) arenotobsenable. Insteadwe
obsere z;s whichmayor maynot correspondo z;.

ScheurerandWinkler (1993)proposedhefollow-
ing modelfor z;’s:

2 = { Yi
Yj

whered~" qij =1, 4,j=1,...,n(i# j).
A naie estimatorof 5 would be

with probabilityg;;
with probabilityg;; for i # j,

By = (X'X)"'X'Z,

whereX = (z},...,z),) andZ = (z1,...,2,). This
estimatoris biaseddueto the imperfectlinkageof re-
sponsendpredictorvariables.

An improvedestimatomwaspresentedby Scheuren
andWinkler (1993). An iterative procedurewas pre-
sentedby Scheurerand Winkler (1997). Lahiri and
Larsen(2002; submittedto JASA developedan alter
native estimatorof 3 andits SE.All thesemethodause
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the estimatedprobability of beinglinks for adjustment
of regressiorresults.

TheBayesiarapproactio recordlinkagediscussed
in this papercanbe usedin combinationwith there-
gressioradjustmenprocedureghatuseestimategrob-
abilitiesin estimation.

6 Summary

A hierarchicaBayesiamecordinkagemethochasbeen
outlined in generalform. Importantconsiderations,
suchasone-to-onenatchingfor modelingdatain record
linkage operationsalsohave beendescribed.The fur-
therissueanalyzingdatacreatedthroughrecordlink-
agein subsequerdnalyseshasbeenbriefly presented.

The hierarchicalBayesianrecordlinkage method
hasbeenmplementedor smalltestdatasetswith very
good matchinginformation. The methodwill beim-
plementedfor larger datasetsbasedon U.S. census
operations.In short,Bayesiarmixture modelscanbe
usedto clusterpairs (a, b) into links andnonlinks,as
describedn the Fellggi-Sunter(1969) approachand
uncertaintyin errorratescanbeexpressedhroughsim-
ulation.

The outputthe Bayesiarrecordlinkageprocedure
canbe usedin the Lahiri and Larsen(2002) method.
Themethodof Lahiri andLarsen(2002)hasbeenim-
plementedisingthe outputof
Bayesiarrecordlinkage. Thisworksprettywell onthe
simulateddata.

Attemptswill be madeto unify the recordlinkage
modelandtheregressiormodelinto onefully Bayesian
model. As in Scheurerand Winkler (1997), an im-
provementbothin the recordlinkage andin the esti-
mationof the regressiorparametersnight be possible
by consideringhe relationshipbetweeninkageprob-
abilitiesandresidualdgn theregression.

Furtherwork on usingreal prior informationin the
form of datafrom otherrecordlinkageoperationawill
be conducted.

Finally, further researchandtestingwill be done
onefficientimplementatiorof thesamplingalgorithms
for Bayesiarrecordlinkagewith large datasets.
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