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Abstract. A model building strategy is proposed to improve the probabilistic match in record linkage
with focus on the loglinear mixture model of two components, each for the matched and unmatched
pairs respectively. In reality, comparison attributes (i.e., covariates) often interact with each other,
leading to more or less interactions in the loglinear models for both the matched and unmatched pairs.
However, the interactions patterns are often not the same for both components. Particularly, because
the number of matched pairs is usually very small compared with that of unmatched pairs in prac-
tice, the model for matched pairs can not be fitted with the same higher order interactions as that for
the unmatched pairs. The proposed strategy is data-driven, and attempts to avoid both underfitting
and overfitting due to subjective model specification for the data. Starting from the situation of no
interaction, we add interactions sequentially in two loglinear components using the forward selection
approach. Specifically, we define the alternatively climbing pathways through mixture families of two
components with higher order interactions. The mixture models expanded along a pathway are nested
successively. Thus, conventional tests used for comparison of nested models can be applied. Regard-
ing parameter estimation for the mixture, a simplified method (including the choice of initial values
of parameters) for the EM algorithm is developed, which facilitates the mixture model fitting using
existing packages and functions in sophisticated statistical software like R. Simulation studies have
then been conducted for various situations to assess the model selection approach, and comparisons
of the selected models with the naive model assuming field independence have been made. We have
applied this strategy to the record linkage case study in 2006 Annual Meeting of Statistical Society of
Canada (SSC) and identified interactions among certain comparison attributes for both matched and
unmatched pairs; these interactions are not always the same for both mixture components.
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1. Introduction

Information often comes from various sources regarding different aspects of objects, and
could be recorded at different time points. For example, the provincial resident registry infor-
mation is comprised of several data sources from different departments such as transportation,
health, license and registration. These data sets include specific personal information such as
name, date of birth and address. Typically, there is no unique ID assigned to individual ob-
jects among all data sources. However, for some reasons, like administration or detection
of particular interested individuals (say, terrorists), the need arises to link two or more data
sources together so that the records for the same individual object across different files can be
identified for further processing. This task also identifies duplicate records in one file where a
second virtual file is the copy of the original one.

The way to decide whether two records are the same or whether two records describe
the same object is called record linkage. Records in different data files consist of common
attributes (such as name, address and date of birth) and different attributes (such as weight
in one file and height in another file) for individual objects. Usually, the common attributes
are chosen to be identifiers for record matching. However, the different attributes in two files
may provide partial information for the matching if these attributes are highly associated. In
this study, we only consider the common attributes as the identifiers. Comparison vectors are
then obtained for each record pair by comparing the values of identifiers.

The status of a pair of records for comparison is either “matched” or “unmatched”. Ideally,
if the values of identifiers match exactly for a record pair, then the two records are from the
same object. However, in reality, there are many situations where the values of identifiers
may not be the same even if they are from the same object. For example, the surname of a
female may change when her marriage status changes. Hence, the method of exact match or
deterministic match may miss many matched records. On the other hand, exact match may
not always imply the same object. For instance, if the identifiers are just name and date of
birth, it could occur that two different persons have the same name and date of birth although
the chance is small. For this reason, probabilistic match is employed where the pair of records
is regarded as from the same object if the weight involving the matched and unmatched
probabilities is large enough.

Historically, Newcombe et al. (1959) studied probabilistic linkage on vital records; refer
to [13]. Fellegi and Sunter (1969) developed the formal mathematical framework for prob-
abilistic record linkage, and they also specified models in a hierarchical way according to a
possible error-making mechanism; see [6]. After that, many techniques and software have
been developed for record linkage. For example, blocking is used to reduce not only the size
of comparison pairs, but also the dependence effects (i.e., interaction between identifiers).
Nowadays record linkage methodology is used in many areas such as census, survey, admin-
istration and medical research; see [1, 3, 8, 12].

Regarding modelling, the approach applying a mixture of two components to the matched
and unmatched record pairs seems to be more convenient, because it does not require the de-
tails of the error-making mechanism. Jaro (1989) considered a mixture model for the simplest
contingency table derived from comparison vectors where fields are binary and independent,
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and used the EM algorithm for parameter estimation with application in a test census of
Tampa in 1985; see [7]. Winkler (1989) presented a loglinear model to adjust the lack of
independence; refer to [16]. More work on loglinear models can be found in [8, 9, 10], and
references therein.

We focus on mixture models. For a given record linkage task, many mixture models can
be specified. However, which model fits the observed comparison pairs better, and how can
underfitting or overfitting be avoided? These are questions for record linkage practitioners.
Our study is motivated by the record linkage case study in 2006 Annual Meeting of Statistical
Society of Canada (SSC 2006). We tried some free software for record linkage and found
that their models assume field independence without interactions. The possible reason for
this limitation could be the computational burden for arbitrary mixture models. However,
the lack of fit is obvious in this simple model if fields are dependent. On the other hand,
subjectively specifying models with higher order interactions may lead to overfitting for one
or both components. Both underfitting and overfitting will affect the calculation of matched
and unmatched probabilities, and thus affect the partition of record pairs. These problems
lead to the model selection in the mixture setting.

In our study, we propose a strategy for model selection in loglinear mixtures, where pa-
rameter estimates are obtained via a simplified method for the EM algorithm for the mixture
of two components. Such a simplified method can take advantage of existing packages and
functions in sophisticated statistical software like R, so computationally it is tractable. We
define the alternatively climbing pathways to indicate a sequence of nested models in the
mixture family. For comparison, we adopt the Pearson Chi-square test for nested models on
alternatively climbing pathways. The feature of this strategy is data-driven, and thus, the
model building avoids subjective specification. Simulation studies have been conducted to
verify the strategy, and to acquire experience of model building. We compare the results from
this strategy with those from the simplest model where all factors are binary and independent.
It shows that the data-driven strategy does give a refinement on modelling and lead to more
accurate estimation of probabilities compared with the simplest model.

This paper is organized as follows. We outline statistical modelling and a simplified
method for the EM algorithm in record linkage in Section 2. In Section 3, we propose the
data-driven strategy for modelling loglinear mixtures. Then we conduct simulation studies to
assess the proposed strategy in Section 4, and apply it to a case study in Section 5. Finally, we
make brief concluding remarks in Section 6.

2. Statistical framework and parameter estimation for record linkage

In this section, we first outline the statistical framework for the record linkage, where the
population of all pairs is the mixture of two components or subpopulations: matched pairs
and unmatched pairs. Then we give a simplified method for the EM algorithm for this specific
type of mixture models.
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2.1. Notation and framework

Consider two files where file A has a records and file B has b records. The total number
of possible record pairs for comparison is N = a x b. The records consist of attributes which
can be categorical variables such as name, address and date of birth, or numerical variables
such as age. Select n common attributes as the identifiers for comparing pairs of records from
both files A and B. Then the comparison for each record pair is made for all n identifiers
by matching rules defined according to the needs for these attributes. This will result in
a comparison vector of length n with each component being categorical. Each component
associated with an identifier (attribute) in the comparison vector is called a field. The field
values of comparison vector could be binary like O and 1, or any others defined by some
rules. For example, the simplest rule is agreement/disagreement on an attribute. Under
this simplest rule, if comparison attributes are name, address, gender and date of birth, an
observed comparison vector (0,1,1,0) means disagreement on name and date of birth, but
agreement on address and gender. Thus, we obtain N comparison vectors for all record pairs
denoted as follows:

TJZ(Y-Q::Y';I): j=1:~~~)N)

where the subscript denotes the comparison field while the superscript indicates the compar-
ison pair.

Note that all comparison pairs include two types of pairs: matched and unmatched. There-
fore, we can view the entire population of all possible comparison pairs as a mixture of two
components or subpopulations: matched pairs and unmatched pairs. However, in this mix-
ture, the membership for each pair is missing or unknown.

Let M denote the matched subpopulation and U denote the unmatched subpopulation.
Each pair is either from M or U. Let

m; =P(y/IM), u;=P(/IU), j=1,...,N.
Define the matching weight as follows:

P(y/IM)

w; =log ———= =log P(y/|M) —log P(y'|U), j=1,...,N,
’ P(y/|U)

the logarithm of the likelihood ratio between the matched and unmatched. Probabilistic mod-
els are specified to obtain the associated probabilities.

Fellegi and Sunter (1969) set the fundamental probabilistic framework for record linkage;
see [6]. Assume that m;,u;,w; are estimated from data. Without loss of generality, the
descending matching weight sequence is assumed to be

Wi 2w > 2w > > Wy,
and the corresponding matched and unmatched probability sequences are

my,...,Mg,| ..., | my,...,my,
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where k and [ are the cutting points which partition all comparison pairs into three parts:
matched, uncertain and unmatched, as follows:

Cy: j=1,...,k; matched,
Cy: j=k+1,...,1—1; uncertain for clerical review,

C;: j=1L,...,N; unmatched.

The cutting conditions are set as
k N
Zuj <a, ij <a,, where a; and a, are prespecified.
i=1 j=1

A good tutorial was given by Fair and Whitridge (1997); see [5]. In addition, Winkler (2005)
gave an overview on record linkage; refer to [17].

In the literature, various models have been proposed for the mixture population from dif-
ferent angles. We have mentioned a few in Section 1. In this study, we focus on loglinear
mixture models. The advantage of using a parametric model is that we can ignore the un-
derlying error-making mechanism. Note that the mixture models for record linkage consist
of only two components. In next subsection, we will outline the general framework for this
particular type of mixture models and propose a simplified method for the EM algorithm as
well as the choice of initial parameter values for this method.

2.2. Mixture models and the simplified method of the EM algorithm for parame-
ter estimation

We consider parametric models for both the matched and unmatched subpopulations.
Assume that the model for M has pmf or pdf f,,(7; B,,) while the model for U has pmf or pdf
fu(r; B,)- Here 7 is the comparison vector, and f3,, and 3, are parameter vectors associated
with the models for M and U respectively. Suppose the chance of a comparison pair from M
is 7. Then the pmf or pdf for the j-th comparison pair is

Fr (5 B Bus ) = mfyn (v B ) + (1= m)fy (75 B D

On the other hand, denote the membership for the j-th comparison pair as follows

j=1,...,N.

L if v/ is from the matched population M,
&= 0, if 7/ is from the unmatched U,

For the j-th pair, the complete data is X; = (r/, g;)- Thus, the pmf or pdf for the complete
data of the j-th pair is

Fx (7,873 Bos Bus ) = [7fun (s B |9 [ = mfurs 8] @)
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Assume that the comparison pairs are independent. The logarithm of the joint pmf or pdf for
all complete data is

N
o ((rs 0> (™ gn) B B ) =log | | [ fx (7,80 B Bus )
j=1

Il
.MZ

[g;10g fu(r’; Bn) + (1 — g))log fu(r'; B,)

+gjlogﬂ:+(1—gj)log(1—n)] .3

The conditional pmf for the membership g is then

Fx (7,8 B Bus )
fy (073 By Bus )
Fx (7,80 Brs Bus )
T (s Br) + (1= fu(r7; B)
However, the membership g; is missing in the mixture population. Therefore, the mixture
can be regarded as a missing value problem and the EM algorithm can be utilized to estimate

the model parameters f3,,, B, and 7. For references on the EM algorithm, see [4], [11] and
references therein.

The EM algorithm is an iterative approach which alternates between two steps, an E-step
and an M-step. The E-step is conducted as follows. Conditional on values of ﬁgj), ﬁl(lk) and

nK), as well as the observed comparison vectors, the expectation of the logarithm of the joint
pmf or pdf for all complete data is

L = E[lc((rhe 0N en); B Bum) [7h s BY, B, 7]

E [log (fx ((r, ) B> Buo) ) 17785, B, 2]

fg|T (g) | Tj;ﬁm,ﬁu,ﬂ) =

4)

f 10g [fX ((Yj: gj);ﬁm?ﬁu:ﬂ:)J fg|'r (g] | Yj;ﬁg;)’ ﬁgk)’ﬂ-(k)) dg]

Il
M= 1= 11

1
Z{ [ 25108 fur (17 B ) + (1 — g;)log fu (175 B,)

=0

~.

Il
-

0q

+g;logm + (1~ g))log(1 ~ m)] x fyy (g; 17 8%, BE, 7)) }.
Let
n®fur’; BR)
n®fu (s BG) + (1 =m0y (7 B

g () = for (1175, B, 7)) =
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(1 - 7®fu(y/; B
7 ® fr (r7; BY)) + (1 — w0 £, (s BX)

g7 = for (0178, B0, V) =

= 1-gu(r).
Then, by algebra,
N ' ' N . '
L o= > eMNlogfulr’; B)+ Y. e )log fulr': B)
j=1 j=1
N . .
+> [g%(r7)log m+ gX(y7)log(1 — )]
j=1
== Ll ‘+‘ L2 ‘I‘ Lg,
where
N ' ' N ' .
L= gO0Nlogfu(r: ). Lo= Y e logfur’; B,
j=1 j=1
and

N
Ly= Y [g%(r)logm + g(y7)log(1 — m)] .
=

This splits the conditional expectation L into three separate parts corresponding to the matched
pairs, the unmatched pairs and the mixing proportion 7 respectively.

The M-step maximizes the conditional expectation L, which is in turn equivalent to maxi-
mization of L;, L, and L5 separately. Note that L; and L, are weighted log-likelihoods for the
matched and unmatched pairs respectively. Thus, for models which can be fitted by weighted
MLE using available software, their maximization can be readily obtained by that software.
The maximization of Lj is straightforward:

0Ly & 1 1
s A (K)(miYZ — oK) (W] =0
in ;:1 [gm r)——g, (T)l_n}

yields

1 N 1 N
— R piy = (k) (ni
- :1gm (r’) 1_ﬂj§:1gu ().

J
Thus,
N .
Y 89

PINSF LR COED IS TRlC)

1Y .
=5 2.8,
=
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We obtain

N
g+ = %Z g®h), BYY =argmaxl,, B =argmaxL,. (5)
j=1

This approach is regarded as a simplified method of the EM algorithm for the mixture situ-
ation. It can take advantage of existing packages or functions in statistical software without
developing particular code for maximization of the complicated model components, especially
with interactions. Note that Winkler (1988) investigated the EM algorithm for Fellegi-Sunter
model; see [15]. We are suggestting a computational method for fitting a mixture with two
components where each component is readily fitted by a model like GLM.

3. Model building strategy for loglinear mixtures of two components

We consider all fields of the comparison vector ¥ = (y4,...,Y,) are categorical. For exam-
ple, y; could be binary taking value O or 1, meaning unmatching or matching respectively for
a pair of records in field 1. Then all of such observed comparison vectors form a multi-way
contingency table with n factors (each field corresponds to a factor). Thus, it is natural to
utilize the loglinear model for analyzing such a contingency table.

A loglinear model states that the logarithm of the expected number of a cell in the con-
tingency table can be expressed as the additive function of main effects and interactions of
factors. For instance, we consider a four factor I X J x K x L contingency table. Two loglinear
models we will use in the remaining are

logiji = A+ A% + 2% + 2% + 2, (6)
or

logpijig = A+ A0 + AP + 480 42 4202 + 25 4209 +289 128V 1289 @)

i=1,...,I; j=1,...,J; k=1,...,K, l=1,...,L.

Here u;ji; denotes the expected cell count, A is the overall mean, Al(.l), AEZ), AS{S) and 7L§4)
5;3)’ AEZM)
Agi?’), 15%4), AEE‘D are two-factor interactions at specified level pairs. Model (6) corresponds to
the situation of independence among factors, while model (7) corresponds to a situation of
dependence among factors. Note that model (6) is nested in model (7).
Apart from the above common ANOVA-like formulation, there is a generalized linear
model formulation, where the cell counts are assumed to be distributed in Poisson. For in-
stance, Model (6) and (7) have the following equivalent Poisson GLM formulations:

are the main effects of each factor at corresponding levels i,j,k and [, ASZ), A

b

logu=a+a;y;+ays +asys +asys, (8)

and

logu = a+ta;y;+agys+agys+aurs
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FaY1Y2 + A13Y1Y3 T QuaY1Ya + QazYoY3 + AogYoY4 + A34Y3Y 4. 9

Here a’s are the intercept for the model and coefficients for variable y’s and their interactions,
u is the expected cell count associated with covariates v = (y1,72,Y3,Y4)-

R has function loglm() for fitting loglinear models in the form of ANOVA-like specifica-
tion, and function glm() for fitting Poisson GLM models. Each has advantages and disadvan-
tages. We use both in our computation in case one encounters unexpected problems.

In record linkage, the matched and unmatched subpopulations could have their own
model specifications, thus, M and U are assumed to have different loglinear models respec-
tively. However, the membership is unknown. So the entire population of possible pairs is a
mixture of two loglinear models for M and U. The observed contingency table is a sample
from this mixture population.

Jaro (1989) considered the simplest case for the contingency table where all factors are
binary, and thus, the contingency table is 2 X 2 x --- X 2, and the number of all cells of the
table is 2"; see [7]. He assumed field independence, and employed the EM algorithm for the
estimation of all probabilities related to fields and the mixing proportion. From the prospec-
tive of loglinear model formulation, the models for M and U in Jaro (1989) were loglinear
models without interactions. The field independence may not hold in reality. For instance,
strong dependencies were observed by Thibaudeau (1993) in census data; see [14]. Prior to
that report, Winkler (1989) extended the simplest case to a general one, where interactions
were taken into account in the models for M and U, specifically, two-class and three-class in-
teractions were considered, and models were assessed using goodness-of-fit tests (see [16]).
Larsen (1997) considered a loglinear model with main effects, all two-way interactions, all
three-way interactions and two five-way interactions in a trial census and post-enumeration
survey (see [9]).

Any of the specified loglinear mixture models can be estimated using the simplified method
for the EM algorithm in Section 2. For a real case, the specification can be given from back-
ground information or subjective opinion. Thus, different opinions or understanding about
the real case can result in different model specifications.

However, among those subjectively specified models, which one fits the observed con-
tingency table better, or captures the data feature better? How can we avoid overfitting or
underfitting? These questions lead to the model selection for loglinear mixture models in
record linkage. Usually, a better model will give a better estimation of cell probabilities for
matched and unmatched pairs, which in turn increases the accuracy of record pair partition.

When we search among a series of models, a method of statistical testing is required
for model comparison at each step, and a strategy is needed in the iterative selection process.
Suppose the loglinear mixture model .#© is nested in another loglinear mixture model .# (",
namely .#©® < .#™. We adopt a general method to compare these two loglinear mixture
models, i.e., testing

Hy: 49 =V versus Hy: #4© c.a®,

If H, is not rejected, we do not need to improve .#(®) by considering the larger model ..
Otherwise, model refinement is necessary. For this testing, the Pearson Chi-squared statistic is
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employed as follows

22 (AN V) =D (g - 100)?/ froi (10)
where [i;; and [i; are fitted values of individual cell expectations for .#© and .4 respec-
tively. Because one model is nested in the other, the asymptotic distribution of y?2 (//l O« (1))
under Hy is y2(df), where the degrees of freedom df is the difference of parameter numbers
between .#® and .#™V. For a reference, see [2], P 364.

The loglinear models for components U and M in the mixture we consider for record
linkage may or may not include higher order interactions among fields. We denote .#;; for a
loglinear mixture model where i indicates that the loglinear model for U has up to the (i+1)-
th order interactions (i.e., (i+1)-factor-interactions) and j indicates that the loglinear model
for M has up to the (j+1)-th order interactions (i.e., (j+1)-factor-interactions), i,j > 0. For
instance, .#,, means that the models for both M and U in the mixture have no interactions,
i.e., Model (6). .#;, means that the model for U has two-factor interactions, while the model
for M has no interactions. .#,, means that the model for U has no interactions, while the
model for M has two-factor and three-factor interactions. The nested situation of two loglin-
ear mixture models is totally determined by the nested situations of their both components.
Therefore, we can build nested loglinear mixture models by building nested loglinear models
for either U or M, or both U and M. That is,

Mij C Myy fi<i"andj<j'.

For instance, My C My, C M1, and Mg C Mg C M7, but My, and - are not nested in
each other. See the illustration in (11) where mixture models of two components are arranged
in a matrix format.

M3 M3 Mzy — M3

7 f
Mo My — Moy = Moz 11
T f
My — My > Mo M3
T f
My = My Moo M3

We make comparison for models on the nested pathways. However, there are many nested
paths in the family of loglinear mixtures of two components. For example, from .#y, to .4,
there are two nested pathways: #yy C Mg C M1 and Moy C My, C #1;. In general,
from one diagonal model .#;; to the next diagonal model .#(;1)+1), there are two nested
pathways similar to this illustrated example. Refer to (11). This pair of nested pathways is
called alternatively climbing pathways (denoted by “—” and “=” respectively). We propose
the following forward selection strategy along the alternatively climbing pathways:

e Step 1: Start from the loglinear mixture model .#, (the one on the bottom left corner
in (11)), where the loglinear models for both U and M have only main factor effects
with no interactions.
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e Step 2: Proceed on the pathway .#yy C #1y C #,, and compare two adjacent models
successively using a prespecified significance level a. This pathway considers the model
with higher order interactions for U first.

— If the series testing stops at .#, then go to step 3.
— If the series testing stops at ./, then the final model is .#.
— If the series testing stops at .#;;, then go to step 4.

e Step 3: Proceed on the alternative pathway #,y C #y C #71;, and compare two
adjacent models successively using the significance level a. This pathway considers the
model with higher order interactions for M first.

— If the series testing stops at .#, then the final model is .#.
— If the series testing stops at .#;, then the final model is .#;.
— If the series testing stops at .#;;, then go to step 4.

o Step 4: Treat .#;; like .#,, and repeat steps 1 to 3 along the alternatively climbing
pathways from .7, to .#5,, i.e., start a second round of search from the next diagonal
entry.

e Step 5: Continue the iteration until the series testing stops.

The above search on alternatively climbing pathways guarantees the nesting between two
loglinear mixture models under comparison. We place priority on the pathway where the
model for U is added higher order interactions (the route denoted by “—”) first, because in
record linkage, the unmatched pairs are the majority. If this fails, then we consider the other
pathway where the model for M is added higher order interactions (the route denoted by
“=").

Note that for step 1, if the contingency table degenerates to the case where all factors are
binary, the computation will become the Jaro’s method. The simplest loglinear mixture model
Mo captures the main effects explained by factors alone. Note that the attributes chosen by
investigators are typically important variables in record matching according to background
knowledge. Thus, their main effects practically exist. On the other hand, we may not know
the joint effects of attributes in advance. Thus, it is safe and convenient to start from the
simplest mixture model ..

However, if the joint effects have been known to be strong by the background knowledge,
we can start from a particular mixture model which may not be a diagonal entry in (11). A
modification of the model search is then that we proceed with the testings on an upward or a
rightward pathway to the model in the closest diagonal entry, then continue the search using
the above strategy. Note that the backward selection could be feasible. However, it starts from
the most complicated model with all possible interactions, and thus, the computational cost
is typically large.

In record linkage, the number of matched pairs is extremely small relative to the number
of unmatched pairs. So usually the model for M has lower order interactions than that for
U. That is why we consider to enlarge the component for U first. The restriction of searching
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along the alternatively climbing pathways prevents over-extension of model for either compo-
nent U or M. This conservative procedure is based on the reasoning that interactions among
attributes usually affect both subpopulations U and M. Thus, we do not wish the model for
U has higher order interactions while the model for M does not. If this reasoning is not ap-
propriate, the restriction can be relaxed, say we can further extend the model for U when a
final model is M(;1);. However, our simulation studies show that it is hard to capture higher
order interactions from data even if they are truly generated from a model with higher order
interactions. Therefore, from the practical viewpoint, we suggest not to seek very higher order
interactions in record linkage.

The final model obtained from the proposed strategy will include all interactions of the
same order, say all three-factor-interactions or third order interactions. It may not be neces-
sary to do so because some of them could be very weak. Thus, we can apply testing in (10)
again to prune unnecessary interactions for either U or M in the final mixture model.

The choice of initial values of parameters for the EM algorithm is important for the final
solution. If the contingency table is the one with binary factors, then we can use the Jaro’s
method to determine the initial values. Note that the maximum number of matched pairs is
min(a, b). In a general case, we propose the following data-driven method named as the J
method for the choice of initial values regarding parameters 7, 3, and f3,,:

e the initial value for the mixing proportion is chosen as 7®) = min(a, b)/ab = 1/ max(a, b),
the upper bound of the mixing proportion. This can be modified as 7(?/10, ©(®/5 or
71 /2 depending on the blocking situation.

. ﬁl(lo), the vector of initial values in the loglinear model for U, is obtained from fitting
that model to a modified table which has more unmatched pairs and fewer matched
pairs. The cell values of this table are the original cell counts divided by min(a, b) (thus
may not be integers).

. [557?), the vector of initial values in the loglinear model for M, is obtained from fitting
that model to another modified table which is created by picking counts for cells with
higher matching chance, and assigning zeroes for others cells.

Intuitively, if the table is derived from more unmatched pairs or from more matched pairs,
then the fitted model is closer to the true model for U or for M respectively. It works quite
well in the simulation studies. Note that fitting a loglinear model to a non-integer-valued
table is the same as fitting to an integer-valued table in R.

4. Simulation Studies

Simulation studies are necessary for verifying the proposed data-driven strategy of model
building. From simulation, we can obtain experience on model fitting and building in various
settings such as file sizes, mixing proportions and interactions patterns. Besides, we can also
identify potential drawbacks for necessary adjustment.

We consider the comparison vector consisting of four fields, ¥ = (y1,Y2,Y3,Y4), wWhich is
fairly moderate in reality. Each field is binary, where 0 means the field unmatched while 1



R. Zhuy, J. Zhang, D. Zhang, G. Yan / Eur. J. Pure Appl. Math, 3 (2010), 141-162 153

indicates the field matched. Thus, the total number of cells is 2* = 16. Table 1 labels all of
these sixteen cells in the way of a 2* factorial design matrix for later reference. Commonly,

Table 1: Cell labels for the 2 x 2 x 2 x 2 contingency table.

| Cell | Comparison vector H Cell | Comparison vector ‘

1 (0,0,0,0) 9 (0,0,0,1)
2 (1,0,0,0) 10 (1,0,0,1)
3 (0,1,0,0) 11 (0,1,0,1)
4 (1,1,0,0) 12 (1,1,0,1)
5 (0,0,1,0) 13 (0,0,1,1)
6 (1,0,1,0) 14 (1,0,1,1)
7 (0,1,1,0) 15 (0,1,1,1)
8 (1,1,1,0) 16 (1,1,1,1)

a cell with more 1’s has larger matching chance for record pairs with comparison vectors in
that cell. Thus, cells corresponding to comparison vectors being (1,1,1,1),(1,1,0,1) and
(1,1,1,0) have more matching possibilities than cells corresponding to (0,0, 0,0), (0,0,1,0)
and (0,0,0,1).

This is the type of contingency table considered in Jaro (1989); see [7]. For this situa-
tion, a byproduct is that we can compare the estimated 16 cell probabilities from the model
selected via the data-driven strategy with those from the simplest starting model .#,. For
each individual simulation, we set the lengths of two data sets as a and b, as well as the true
matched pairs N, (thus, leading to the mixing proportion 7). For the sake of simplicity, we
do not consider the blocking technique, thus, there are N = ab record pairs. Six settings are
then chosen for the simulation (see Table 2). The combination of lengths a and b covers three

Table 2: Lengths of two data sets and true matches in six setting cases.

Setting 1 2 3 4 5 6

a 200 200 400 400 1,000 1,000

b 1,000 1,000 400 400 2,000 2,000

N =ab || 200,000 | 200,000 | 160,000 | 160,000 | 2,000,000 | 2,000,000

N, 20 150 40 200 50 600
situations:

e one is small, and one is large;
e both are of equal lengths;

e both are large, but of different lengths.
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Two situations regarding the mixing proportion are considered: one with a small mixing
proportion corresponding to fewer matched pairs, and one with a fairly large proportion cor-
responding to more matched pairs. Regarding the loglinear mixture model, we choose two
types of loglinear models for both U and M as follows.

(1) Models with no interactions for both U and M, i.e., Model .#,,. Specifications of main
effects are in Table 3.

Table 3: Specifications of main effects of models with no interactions.

(€3] (€3] 2 2) 3) 3) 4 (€]
Component H A ‘ ) | A ‘ Ag ‘ A | A ‘ A ‘ an | M ‘
U 0.5 230 -2.30| 1.59|-1.59| 1.74 | -1.74 | 2.09 | -2.09
M 0.3|-1.10| 1.10 | -0.87 | 0.87 | -0.69 | 0.69 | -1.10 | 1.10

(2) Models with two-factor interactions for both U and M, i.e., Model .#;;. Specifications
of main effects and interactions are in Table 4. Note that

2D = 20 2D 226D - 6D 260 _ )

00 > 00 > i’j = 1,2’3,4'

Thus, effects and interactions at other levels can be readily derived from the one at level
0.

Table 4: Specifications of main effects and interactions of models with interactions at level 0.

Component | 2 | 20 | 22| 2D [ 2 [ 208 [ 20D [ 209 [ 2@ [ 229 | 1G9

U 0.5 23| 0.6 1.00 3.0| 1.04| 040 | 1.13 | 0.65| 0.20 | 1.40

M 0.3]-1.2|-09|-0.66|-0.5| 044 | -0.64 | -0.16 | -1.08 | 1.08 | 0.32

With two different mixture models assigned for each of the six cases of data settings, we
have investigated 12 simulation cases in total. Since the mixture model is for comparison
vectors, we do not need to generate two original record files in each simulation case. Actually,
what we need to generate are (N — N,,,) comparison vectors from the loglinear model for U
and N,, comparison vectors from the loglinear model for M in each simulation case. These
comparison vectors yield the 2 x 2 x 2 x 2 tables of 16 cells (see Table 1). Therefore, we
finally need the contingency tables for U and M respectively. Note that conditional on the
total count, the joint counts of all cells follow a multinomial distribution. Suppose Y; and yu;
are the observed count and expected count in cell i respectively. Let N, be the total count.

Then, conditional on 21-121 Y; = N,,

(Y].’ YZ; ey Y16) ~ MUItinomial(NO;pl3p23 oo ’p16)’ (12)
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16
where p; = u;/ D, uj, the probability that an observed vector occurs in cell i, i = 1,2,...,16.
j=1
For a reference, see [2], P 317-318. In general, we can simulate a contingency table according
to (12) for a specified total count. This is the method we use to simulate data sets for six
settings with mixture model .#,,. However, if fields are independent, we can generate four
independent binary columns of length being the specified total count N,. Each column is a
series of Ny Bernoulli trials with success probability which can be readily computed according
to (12). Information of a and b will be used in the choice of initial values in the simplified
method for the EM algorithm.

We apply the proposed building strategy to select a loglinear mixture model for each sim-
ulation case. The significance level is set as @ = 5%. The following lists the model building
processes and the finally selected models for all the 12 simulation cases. Due to space limita-
tion, we omit the details of the estimated models.

o For the true loglinear mixture model being %, (refer to Table 3), settings 1, 2, 3, 5 and
6 lead to %, while setting 4 yields .#yy — .#,. Thus, from the viewpoint of model
fitting, setting 4 is a little bit overfitted with false interactions for U.

e For the true loglinear mixture model being .#;; (refer to Table 4), settings 1, 2, 4 and
6 proceed as #yy — M9 — M1, while settings 3 and 5 result in .4y, — #;,. Hence,
settings 3 and 5 are a little bit underfitted without capturing the two-factor interactions
for M.

Regarding the true mixture model being %, five out of six simulation cases yield the se-
lected models consistent with the true one, however, one case results in overfitting. Further
investigation shows that the p-values in testing Hy : #y, = #; for the setting a = 400 and
b = 400 are 0.047 (< 0.05) when N,,, = 40 (setting 3) and 0.105 (> 0.05) when N,, = 200
(setting 4). Note that setting 4 has the highest proportion of matched pairs, with half of
records in each file corresponding to the same objects. This highly matching feature might
cause model inflation for component U when fields are actually independent. As to the true
mixture model being .#;, four out of six cases lead to models consistent with the true ones,
but two cases fail to capture the two-factor interactions in the loglinear model for M, leading
to underfitting for the mixture. Note that both overfitting and underfitting happen when the
number of matched pairs N, is small. Hence, empirically, it may be more difficult to find
higher order interactions for the M component than for the U component in the mixture. Cu-
riously, we have not observed any overfitting when the true mixture model is .#7; in a larger
scale investigation. These observed phenomena indicate that the proposed model building
strategy may not capture the true underlying mixture model perfectly. Sometimes it yields a
slight overfitting or underfitting for one of the mixture components.

Since in some cases the selected models deviate from the true models, a natural question is
how the corresponding cell probabilities deviate from the truth. This is because the ultimate
concern in record linkage is the probabilities from U and M for all record pairs, as well as
their matching weights. Thus, it is necessary to investigate the cell probability differences.
In addition, we can compare the selected model with the fitted starting model .#, from the
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viewpoint of cell probabilities. This is to see whether or not our proposed data-driven strategy
can beat or at least is equivalent to the subjective specification with naive field independence
used in some record linkage software. We show the details in Table 5 for setting 5 when the
true mixture model is .#;;. In this simulation case, the selected model by the data-driven
strategy is underfitting in the M component, not perfectly consistent with the true underlying
model. In Table 5,

e PD(S,T|U) and PD(S,T|M) denote differeences in cell probabilities 