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Evaluation of Sources of Variation in Record Linkage
through a Factorial Experiment

THOMAS R. BELIN!

ABSTRACT

Record linkage refers to the use of an algorithmic technique for identifying pairs of records in separate data files
that correspond to the same individual. This paper discusses a framework for evaluating sources of variation in
record linkage based on viewing the procedure as a ‘“black box’’ that takes input data and produces output (a set
of declared matched pairs) that has certain properties. We illustrate the idea with a factorial experiment using
census/post-enumeration survey data to assess the influence of a variety of factors thought to affect the accuracy
of the procedure. The evaluation of record linkage becomes a standard statistical problem using this experimental
framework. The investigation provides answers to several research questions, and it is argued that taking an
experimental approach similar to that offered here is essential if progress is to be made in understanding the factors
that contribute to the error properties of record-linkage procedures.

KEY WORDS: Cutoff weight; False-match rate; Fellegi-Sunter algorithm; Matching variables; Post-enumeration
survey; String comparison; Weighting scheme.

1. EVALUATING RECORD-LINKAGE
PROCEDURES

Record linkage refers to the use of an algorithmic
technique to identify pairs of records, one from each of
two data files, that correspond to the same individual. The
goal is to identify, using a computerized approach, the
records from the respective data files that should be
declared ‘“matched’’ as well as the records that should be
declared ‘‘not matched’’ without an excessive rate of error,
thereby avoiding the cost of manual processing.

Specifying a record-linkage procedure requires both a
method for measuring closeness of agreement between
records and a rule for deciding when to classify records
as matches or non-matches. Much attention has been paid
in the record-linkage literature to the problem of assigning
so-called ‘‘weights’’ to individual fields of information in
a multivariate record to obtain a ‘‘composite weight’’ that
summarizes the closeness of agreement between two
individuals (e.g., Newcombe ef al. 1959; Fellegi and
Sunter 1969; Newcombe 1988; Copas and Hilton 1990).
Less attention has been paid to other aspects of record-
linkage procedures, such as the handling of close but
inexact agreement between fields of information, and to
the effects of using various approaches (treatments) in
combination with one another.

In some settings, a personal identifier, such as a social
security number, can serve as a basis for linkage. However,
such an identifier is not always available, and even when
one is present, it still may be necessary to rely on other
identifying information for a substantial subset of cases
(e.g., Rogot, Sorlie and Johnson 1986).

This paper describes a large factorial experiment
contrasting various procedures for matching census and
post-enumeration survey (PES) records. Social security
number is not collected in the census, so we are in a setting
where closeness of agreement is based on several variables.
Interest focuses on two questions:

(1) What are the most important factors affecting the
accuracy of record linkage?

(2) What combination of factors works best in practice?

Beyond addressing these questions in the census/PES
setting, perhaps the most important contribution of this
investigation is the idea that record-linkage procedures
should be studied by conducting careful experiments. With
many factors at the discretion of the operator of the
program, there is little hope of understanding the full
complexities of a matching algorithm by varying factors
one at a time (or worse, not even conducting any
systematic evaluation at all). The idea of conducting an
experiment would seem quite natural to an agricultural
scientist or an industrial quality-control engineer, although
it seems that such an approach has not been taken in the
context of record linkage aside from this investigation and
earlier work by the author (Belin 1989a, 1989D).

2. APPLIED CONTEXT FOR RECORD LINKAGE

2.1 Applications of Record Linkage

Record-linkage methods have been used in a variety of
settings. Applications can be characterized as falling inito
two broad groups: problems where it is desired to draw
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inferences about relationships between variables collected
in separate large data files, and problems where interest
focuses directly on the number of individuals represented
in one or both data files (or a function of those quantities).

Examples of the first type of application are numerous.
Studies have been conducted linking data from health and
nutrition surveys to registries of mortality data to study
relationships between dietary risk factors and death from
various causes (Johansen 1986), linking labor force survey
data to mortality data to assess health effects of uranium
mining (Newcombe, Smith, Howe, Mingay, Strugnell and
Abbatt 1983; Abbatt 1986), linking information on educa-
tional background to records of earnings of individuals
some years later to assess the benefit of a college education
(Fagerlind 1975), comparing reported income on welfare
records to reported income on tax records (Kershaw and
Fair 1979), and linking records of individuals exposed to
radiation during atomic-bomb tests and records of a
cohort of control individuals to national death records to
assess differences in mortality patterns between exposed
and control individuals (Dulberg, Spasoff and Raman
1986). Using record-linkage methodologies in such studies
is attractive primarily for reasons of cost and timeliness,
since for any of the research endeavors just described, it
would take much longer and would have been much more
expensive to conduct studies with one or more stages of
followup than it was to make use of existing data.

The primary motivating example in this article is represen-
tative of the other type of application, where the goal is
to determine the number of overlapping cases in two data
files. In this example, a record-linkage procedure is used
as the first step of an extensive matching operation in
which records from a census are compared to records from
a large-scale post-enumeration survey (PES) conducted
after the census to evaluate census coverage. Other
examples where the goal is to determine the number of
overlapping cases between data files are the investigation
by Nicholl (1986) of classification errors regarding the
types of injuries sustained by road accident victims (based
on linking hospital records to police reports of accidents),
the investigation by Johnson (1991) into caseloads for U.S.
Attorneys in different districts around the country (based
on linking a list of cases assembled by the Department of
Justice to a list of cases assembled by federal district
courts), and a variety of investigations into the accuracy
and coverage of mortality data files (Wentworth ef al.
1983; Curb et al. 1985; Boyle and Decouflé 1990; Williams
et al. 1992).

Census undercount estimation has been a prominent
and at times controversial topic in statistical research,
especially during the past decade. Much of the controversy
revolves around a proposed adjustment of the census
based on undercount estimates from a PES. For general
background on issues involved in census undercount
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estimation, see Ericksen and Kadane (1985), Citro and
Cohen (1985), Freedman and Navidi (1986), Wolter
(1986), Schirm and Preston (1987), Ericksen, Kadane, and
Tukey (1989), Cohen (1990), and the special sections on
census coverage error in the June and December, 1988,
issues of this journal. A record-linkage procedure is the
first step of matching census records to PES records; it is
followed by matching of records by clerks, subsequent
followup interviewing of households when there appear
to be discrepancies between the census and PES findings,
and an additional round of clerical matching after followup
interviewing. Based on assessments from the matching
operation and certain assumptions about the probability
that individuals would be included only in the census, only
in the PES, in both the census and PES, or in neither the
census nor PES, it is possible to estimate undercount (or
overcount) rates in the census.

2.2 Background on Record-Linkage Theory

The development probabilistic reasoning in record-
linkage theory can be traced to Newcombe, Kennedy,
Axford, and James (1959), who develop a weighting
scheme in an effort to reflect the odds that a pair of records
is correctly matched. Fellegi and Sunter (1969) enhance the
theoretical underpinnings of commonly-used weighting
rules, noting that the procedure proposed by Newcombe
et al., corresponds to calculating a likelihood ratio under
a simple model for the record-linkage problem that sup-
poses independence of agreement among all fields of infor-
mation within records. They show that a weighting scheme
similar to that of Newcombe et al., combined with cutoff
weights that depend on a specified false-match rate and
a specified false non-match rate, define a linkage pro-
cedure that is optimal in the sense of minimizing the pro-
portion of records that will be assigned neither as definitely
matched nor as definitely not matched, assuming the
underlying model is valid.

Much of the ensuing development of record-linkage
technology has taken place in the context of applications,
as investigators put the theoretical ideas outlined in the
earlier literature to practical use. Prominent applications
include the Oxford Record Linkage Study (Acheson 1967,
Goldacre 1986); the three-way match among records from
the Current Population Survey, the Social Security Admin-
istration, and the Internal Revenue Service (Kilss and
Scheuren 1978); and the National Longitudinal Mortality
Study (Rogot, Sorlie, Johnson, Glover and Treasure 1988).
The proceedings volumes from conferences on record
linkage (Kilss and Alvey 1985; Howe and Spasoff 1986;
Carpenter and Fair 1990), compilations of papers from
annual conferences (Kilss and Alvey 1984a; Kilss and
Alvey 1984b; Kilss and Alvey 1984c; Kilss and Alvey 1987;
Kilss and Jamerson 1990), and proceedings volumes from
conferences more broadly focused on uses of administrative
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data (Coombs and Singh 1988) document numerous other
applications that make use of record-linkage methodology.

Software development has enhanced the ability to pursue
research into record linkage. Software incorporating
refinements of weighting methods and blocking strategies
has been developed for use in a variety of applications at
Statistics Canada and the U.S. Bureau of the Census.
Background on the Statistics Canada ‘‘Generalized
Iterative Record Linkage System’’ (GIRLS) is discussed
in Howe and Lindsay (1981); documentation is contained
in Hill (1981) and Hill and Pring-Mill (1986). Background
on the matching system developed by the Record Linkage
Staff at the U.S. Bureau of the Census can be found in
Jaro (1989), Winkler (1989), and Winkler and Thibaudeau
(1992), with documentation found in Laplant (1988),
Laplant (1989), and Winkler (1991).

New models that reflect subtleties within data files that
could be used in developing a probabilistic weighting
scheme are offered by Copas and Hilton (1990). Other
extensions to record-linkage methodology designed to take
advantage of information in person names are described
in Newcombe, Fair and Lalonde (1992). A review paper
by Jabine and Scheuren (1986), a textbook by Newcombe
(1988), and a compilation by Baldwin, Acheson and
Graham (1987) serve as broad references on record-linkage
methodology.

2.3 Flow of a Standard Record-Linkage Procedure

Typical steps in a record linkage procedure can be
described as follows: (1) data collection, (2) preprocessing
of data, (3) determination of rules for assessing closeness
of agreement between candidate matched pairs, (4) assign-
ment of candidate matched pairs, and (5) declaration of
matched pairs. We use the term ‘‘candidate matched
pairs’® to describe pairs of records that are brought
together as being the best potential match for each other
from the respective data files (¢f. “‘hits’’ in Rogot, Sorlie,
and Johnson (1986); ‘‘pairs’’ in Winkler (1989); ‘‘assigned
pairs”’ in Jaro (1989)). Candidate matched pairs might be
declared matched after the application of a decision rule
in step (5), but they will not necessarily be declared matched
by the decision rule.

As indicated earlier, closeness of agreement between
candidate matched pairs is assessed in many record-linkage
procedures by a univariate summary statistic, often
referred to as a ‘‘composite weight’’. In such procedures,
step (3) above would refer to the determination of
weighting rules, and step (5) above would involve the
setting of a cutoff weight above which record pairs will be
declared matched.

Record linkage may be viewed as a decision problem
with two or more actions to be taken by the computer.
Typically, three actions are considered (e.g., declare
records matched, declare records as not matched, or send
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record to be reviewed more closely by a human observer,
as in Fellegi and Sunter 1969), although sometimes only
two actions (declare matched, declare not matched) are
contemplated, and as many as five actions have been
considered in some instances (Tepping 1968).

Postulating that distance between multivariate records
can be summarized by a univariate composite weight
narrows the scope of possible procedures that could be
used to perform record linkage. The author is aware of
very little research exploring alternatives to such
univariate-composite-weight approaches, other than
merely specifying a deterministic set of rules for when to
declare records matched; one exception is Smith and
Newcombe (1975). Such alternatives are beyond the scope
of this paper.

2.4 Detailed Description of the Procedure Used to
Match Census/PES Records

A variety of separate techniques may be involved in
each of the five steps outlined above. Figure 1 provides a
flowchart illustration of the main steps used in the linkage
of census/PES records.

The frame of the census is a compilation of housing-
unit address listings. Addresses are assembled by a variety
of techniques, generally depending on whether the area is
urban or rural. In urban and suburban areas, census forms
are mailed to households with the hope that residents will
respond by mailing back a completed form; in other areas
census enumerators visit households. When there is no
response from a household that was sent a census form by
mail, an enumerator will visit the household in person.
Data are entered into Census Bureau computer files by a
combination of computerized scanning techniques and
clerical keying operations. An overview of census meth-
odology can be found in Citro and Cohen (1985); detailed
descriptions of various census operations can be found in
the Census Bureau’s 1990 Decennial Census Information
Memorandum Series (Bureau of the Census 1988-1991).

Data collection in the type of post-enumeration survey
conducted in 1990 (and in test censuses leading up to the
1990 PES) begins with a process of listing addresses that
is conducted by enumerators canvassing neighborhoods.
Information is obtained entirely through interviewing
operations as opposed to the mailout-mailback approach.
Data are entered into computer files entirely by clerical
keypunching. Hogan (1992) provides an overview of the
PES; details of PES operations can be found in the Census
Bureau’s STSD Decennial Census Memorandum Series
(Bureau of the Census 1987-1991).

Preprocessing of data is rarely discussed in the literature
onrecord linkage, even though this stage provides oppor-
tunities both for squeezing available information from the
data at hand and for unwisely discarding information
available from the data. Winkler (1985a, 1985b) presents
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Preprocessing of data

Separate address
components (house
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respective
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{e.g., agree on
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letter last name)

Assignment of candidate matched pairil
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weight for all
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Y
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record is part of
more than one pair)
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weight between
matches and
possible matches

Specify a cutoff

weight between
possible matches
and non-matches

Print results onto forms for clerical review (one form
for each household, listing the roster of individuals
ated in the and/or PES, with matches

and possible matches listed side by side)

Figure 1. Flowchart of Census/PES Record Linkage Procedures
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some specific strategies that are shown to make it easier
to distinguish true matches from false matches, and Jabine
and Scheuren (1986) and Newcombe (1988) offer some
broad guidelines in this area. In the census/PES matching
operation, preprocessing of data includes coding demo-
graphic variables according to common rules, identifying
and separating address components (such as house number,
street name, apartment number, rural route number, and
post office box number) from the keyed address field
(Laplant 1989), and “‘standardizing’’ an individual’s first
name by comparing the keyed first name to a library of
nicknames and converting nicknames observed in the data
to their common antecedent names (Paletz 1989).

The census/PES record-linkage procedure is a weight-
based procedure. The determination of a weighting
method includes consideration of both model-based and
ad hoc rules for assigning weights for agreement and
disagreement on individual fields of information, rules for
assigning weights for close but inexact agreement on par-
ticular fields, rules for assigning weights when informa-
tion is missing from records, and rules for assigning
weights when certain combinations of variables are found
to be in agreement or disagreement.

The designation of candidate matched pairs in census/
PES matching reflects certain constraints that are placed
on the matching process. First, time and resource con-
straints make it impractical to compare each record in one
data file to every record in the other data file. Accordingly,
comparisons are made only between pairs of records that
meet certain minimal criteria, such as that they fall in the
same census block and share the same first letter of last
name. The subset of records formed by this restriction is
referred to as a ““block”’, and the variables required to be
in agreement for a match to be declared are referred to as
““blocking variables’’ (Jaro 1989).

Another constraint placed on the census/PES matching
operation is that a given record in one data file is not
allowed to be declared matched to more than one record
in the other data file. The approach that is used to perform
the assignment of candidate matched pairs draws on
operations-research techniques for solving the so-called
transportation problem (Jaro 1989). The algorithm assigns
candidate matches so as to maximize the sum of composite
weights among all possible pairs of records within a block
defined by the blocking variables, subject to the aforemen-
tioned restriction that no record is allowed to match more
than one record in the other data file. For example, sup-
pose that within a particular block record A from file 1
has a higher agreement weight with record B from file 2
than with any other record in file 2. The assignment
algorithm still might link record A to another record, say
C, and link B to another record, say D, if the sum of the
agreement weights for (A,C) and (D,B) are higher than for
other permutations of candidate match assignment.
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The current approach to census/PES matching contem-
plates three possible actions to be taken by the computer:
declare a record pair to be a match, declare a record pair
to be a ‘‘possible match’’, or declare a record to be not
matched. All non-matches and possible matches are sent to
clerks to be reviewed, and an attempt to obtain a followup
interview is made for households where there is a discrepancy
between the census and the PES. The distinction between
possible matches and non-matches only has to do with the
procedures applied by clerks when they review these cases
(Childers 1989; Donoghue 1990). In the processing of 1990
census/PES data, the operator of the matching program
set cutoff weights manually to distinguish matches,
possible matches, and non-matches after scanning sets of
candidate matched pairs with weights in a certain range.
A new technique by Belin and Rubin (1991) offers an alter-
native for automating the setting of cutoffs.

3. AN EXPERIMENT

3.1 Factors Influencing the Output of Record-
Linkage Procedures

The performance of a record-linkage procedure can
depend on a number of factors, including:

(1) The choice of matching variables;
(2) The choice of blocking variables;

(3) The assignment of weights to agreement or disagree-
ment on various matching variables;

(4) The handling of close but not exact agreement between
matching variables;

(5) The handling of missing data in one or both of a pair
of records;

(6) The algorithm for assigning candidate matches;

(7) The choice of a cutoff weight above which record pairs
will be declared matched;

(8) The site or setting from which the data are obtained.

Among these factors, only (8) represents a source of
variation over which the operator of the matching program
does not have control. As mentioned earlier, two lines of
inquiry are of primary interest in the experiment. Identi-
fying major sources of variability in record linkage could
help to focus future record-linkage research and to offer
a deeper understanding of the process that generates errors
in linkage procedures. Further, it is of interest to identify
the combination of factors that works best in achieving
a maximum number of matches while maintaining low
error rates, since in practice the user generaily must make
a single choice among a myriad of possibilities for each
factor just described.
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3.2 Factorial Experiment Using Census/
Post-Enumeration Survey Data

A study was conducted using data from each of the
three sites (St. Louis, Missouri; East Central Missouri
including the Columbia, Missouri area; and a rural area
in eastern Washington state) of the 1988 dress rehearsal
census and PES. These data sets had been matched by
computer and then reviewed by clerks. For the purposes
of subsequent analysis, the final clerical determinations
of true and false match status are taken as the truth. Thus,
although subsequent analyses will only be as accurate as
the determinations by clerks, these data files offer an
excellent opportunity to study record linkage.

Descriptions of the specific methods used in linking
records between the census and PES can be found in Jaro
(1989), Winkler (1991), and Winkler and Thibaudeau
(1992). The current implementation of the record-linkage
procedure allows the user a variety of options over all of
the factors listed in Section 3.1 except for the choice of an
algorithm for assigning candidate matches (a ‘‘linear-sum
assignment’’ algorithm is used; see Jaro 1989).

The variables available for matching census/PES
records include name, address, age, race, sex, telephone
number, marital status, and relationship to head of
household. In practice, name is usually broken down into
first name, last name, and middle initial, with these three
used as separate matching variables. A preprocessing
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program is typically used to parse address information into
house number, street name, apartment number, rural
route number, and box number (Laplant 1989). Sometimes
“‘irregularities’’ in address information, perhaps caused
by clerical typing errors or by recording errors on the part
of a census or post-enumeration survey interviewer, result
in an inability to parse an address into various components;
in these cases, the entire address field (referred to as the
“‘conglomerated address’’) is used as a matching variable.
An available preprocessing program also can be used to
convert nicknames to a ‘‘standardized’’ name using a
library of names and their common variants (Paletz 1989).
A variety of schemes are available for assigning weights
based on close agreement between variables, and a proce-
dure is also available for adding or subtracting weight to
the composite weight for a record pair when certain
combinations of fields are in agreement or disagreement
(Winkler 1991).

The experiment consisted of eight ‘‘treatment’’ factors
and one “‘blocking”’ factor (where ‘‘blocking”’ here refers
to the experimental-design notion of a grouping of units
expected to yield results as similar as possible in the
absence of treatment effects) with replication across three
sitesina2® x 3% x 5 x 13 factorial design. The outcome
variable in the experiment, described further in Section
3.5, was a transformation of the false-match rate, where
the transformation was used to stabilize the variance
of the outcome. The factors in the experiment can be
described as follows:

Number of
Label Description of factor levels of Description of levels of factor
factors
A Assignment of weight 1. Assign weights of +2 for agreement/

for name fields.

disagreement on first, last name.

2. Assign weights of +4 for agreement/
disagreement on first, last name.

3. Assign weights of +6 for agreement/
disagreement on first, last name.

4. Assign weights based on estimates of
probabilities of agreement on first,
last name from Fellegi-Sunter
algorithm (see Winkler and
Thibaudeau 1992).

5. Use frequency-based weighting for
first, last name (see Winkler and
Thibaudeau 1992).
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Label Description of factor

Number of
levels of
factors

Description of levels of factor

B Assignment of weight
for close but inexact
agreement on name
fields.

C Assignment of weight
for non-name fields.

D Assignment of weight
for close but inexact
agreement on non-
name fields.

E Use of keyed first
name or standardized
version of first name.

1. Assign disagreement weight for any
discrepancy in first, last name.

2. Assign fraction of agreement weight
for close agreement on first, last
name using Jaro string comparison
metric (Jaro 1989; Winkler 1991).

3. Assign fraction of agreement weight
for close agreement on first, last
name using piecewise linear metric
described in Winkler (1991).

1. Assign weights of +2 for agreement/
disagreement on age, phone number,
and address fields, and assign
weights of +1 for agreement/
disagreement on sex, race, marital
status, relationship to head of
household, middle initial.

2. Assign weights based on estimates of
probabilities of agreement from
Fellegi-Sunter algorithm.

1. Assign disagreement weight for any
discrepency in non-name fields.

2. Assign fraction of agreement weight
for close agreement on house number,
street name, phone number, age,
using Jaro string comparator.

3. Assign fraction of agreement weight
for close agreement on street name
using Jaro string comparator, for age
using Jaro pro-rated-to-absolute-
difference metric, for house number
and phone number using Winkler
piecewise-linear string comparator.

1. Use the version of the individual’s
first name that was keyed into each
data file for comparison of first name.

2. Use the version of the individual’s

first name that is obtained as output
from name standardization software
(Paletz 1989).
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Number of
Label Description of factor levels of Description of levels of factor
factors

F Adjustment of 2 1. Do not adjust the composite weight
weights for correlated for possible correlated agreement.
agreement. 2. Adjust composite weights for possible

correlated agreement between first
name, middle initial and among first
name, sex, age.

G Inclusion of marital 2 1. Do not include marital status,
status, relationship to relationship as matching variables.
head of household as 2. Include marital status, relationship
matching variables. as matching variables.

H Use of four or seven 2 1. Use only last four digits of phone
digits of phone number as a matching variable.
number. 2. Use all seven digits of phone number.

I Site of census/post- 3 1. Eastern Washington state.
enumeration survey. 2. Columbia, Missouri.

3. St. Louis, Missouri.
J Proportion of PES 13 1.-13. Let the number of records

file declared matched.

accepted as declared matches
equal 60%, 62.5%, 65%, 67.5%,
70%, 72.5%, 75%, 77.5%, 80%,
82.5%, 85%, 87.5%, 90% of the
number of PES records in the
given site.

With reference to the sources of variation described in
Section 3.1, factors E, G, and H relate to the choice of
matching variables; factors A, C, and F relate to the choice
of a weighting scheme; factors B and D relate to the
handling of close but inexact agreement; factor J reflects
the choice of a cutoff; and factor I reflects the influence
of the particular site on the performance of the matching
procedure.

Consideration of resource limitations led to a decision
not to address the effect of varying missing data treatments
or the effect of different choices of blocking variables in
this experiment, and the lack of available software
precluded any investigation of alternative alogrithms for
assigning candidate matches. Belin (1989a, 1989b) studied
the influence of missing data treatments and of different
choices of blocking variables in an experiment similar to
the factorial experiment described here. The results of that
investigation suggested that alternative treatments of
missing data had no substantial effect on false-match rates

associated with different cutoffs in matching of census/PES
data, but the choice of blocking variables did have a
substantial effect.

In this investigation, as in Belin (1989a, 1989b), only
““one-pass’’ matching procedures are considered. That is,
the entire computer-matching operation consists of a
single cycle of choosing blocking variables, establishing
weights, and setting a cutoff, as opposed to ‘“multiple-
pass’’ procedures that first use very restrictive blocking
variables to skim off the nearly perfect matches, then relax
the blocking criteria in successive passes through the data.
The author is aware of very little research on multiple-pass
matching procedures. Belin (1989b) reports that when
single-pass procedures are used, procedures that use
relatively less restrictive blocking criteria enjoy advantages
over procedures that use relatively more restrictive blocking
criteria, confirming the intuitive notion that the blocking
process can exclude true matches from consideration as
an unfortunate side effect.
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3.3 Subtleties in Experimental Treatments

3.3.1 Treatments for Assigning Weights for Agreement/
Disagreement on Fields of Information

To clarify the experiment, we describe each of the
experimental factors in greater detail. Factors A and C are
concerned with the assignment of weights for agreement
and disagreement on the various matching variables. The
different weighting approaches used in factors A and C
include completely ad hoc methods and methods that are
based on estimates of parameters in explicit probability
models. The study of ad hoc weights provides an oppor-
tunity to gauge the importance of incorporating more
complicated approaches to weighting.

The ad hoc weighting schemes call for a weight of U,
say, to be added to the composite weight if the fields being
compared agree, and for an identical weight U to be sub-
tracted from the composite weight if the fields being com-
pared disagree. Three different values of U are studied in
factor A, with the same value of U being assigned for
agreement on first name as for agreement on last name.
In factor C, an ad hoc scheme that weights some variables
more than others is studied, with the decision about which
variables to weight more being based on a priori judgments.
Belin (1989b) suggests that such a ‘‘modified-equal-
weighting’’ scheme has advantages over an ‘‘equal-
weighting”’ scheme in which all matching variables are
assigned the same weights for agreement or disagreement.

The ‘‘Fellegi-Sunter algorithm’’ refers to the method
outlined in Fellegi and Sunter (1969), which is based on
a probabilistic model that incorporates information about
patterns of agreement and disagreement between pairs of
records. The model postulates that probabilities of agree-
ment on individual fields of information given that a pair
is a true match are independent across all fields of infor-
mation, and that independence across fields also holds
given that a pair is a false match. The paper by Fellegi and
Sunter shows that such a model implies certain optimality
properties for the type of weighting scheme used by
Newcombe et al. (1959), in which weights for individual
fields of information are calculated by taking the loga-
rithm of the ratio of probability of agreement given true
match to the probability of agreement given false match,
and in which composite weights are obtained by summing
individual field weights.

In applications, the probabilities of agreement given
true match and agreement given false match need to be
estimated. For the treatments in the experiment character-
ized as relying on the Fellegi-Sunter weighting approach,
the probabilities of agreement given true match are estimated
using a version of an EM algorithm (Dempster, Laird and
Rubin 1977) to obtain maximum likelihood estimates of
these probabilities based on counts of all possible patterns
of agreement observed in the data files at hand (Winkler
1989; Jaro 1989). The probabilities of agreement given
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false match are estimated based on counts of agreement
on individual fields between all record pairs that agree on
blocking variables, making use of the fact that most of the
pairs that could possibly be brought together as matches
are not true matches (Winkler and Thibaudeau 1992).

Another weighting approach that has been implemented
in the Census Bureau’s record linkage software considers
the relative frequency of names in the data files at hand,
assigning more weight for agreement on names such as
Abramowicz, which may be relatively rare, than for agree-
ment on names such as Smith, which may be common. Of
course, it could happen that in a particular area
Abramowicz is a more common name than Smith, in
which case the frequency-based weighting approach would
assign greater weight to agreement on the name Smith. The
idea of incorporating information on marginal frequencies
from the current data files was mentioned by Newcombe
et al. (1959), and has been noted by many authors since
then, including Fellegi and Sunter (1969). (Thus, the
distinction drawn here between the ‘‘Fellegi-Sunter
algorithm’’ and “‘frequency-based weighting’’ is actually
a distinction between two methods of calculating weights
that are both discussed by Fellegi and Sunter.) Details on
the implementation of frequency-based weighting in the
Census Bureau’s software can be found in Winkler and
Thibaudeau (1992).

3.3.2 Treatments for Handling Close but Inexact
Agreement

Factors B and D deal with the handling of fields that
may agree closely but do not agree exactly with one another.
Several techniques have been proposed for handling close
but inexact agreement between fields of information, often
reflecting different perspectives on probable departures
from exact agreement.

The Jaro string comparator is designed to measure the
closeness of agreement of two multi-character fields; the
metric that defines closeness is a function of the lengths
of the character fields in the two files, the number of
characters in common between the character fields, and
the number of transpositions of characters between the
character fields. The weight that gets assigned for partial
agreement is between the weight for agreement on the field
and the weight for disagreement on the field, and is a linear
function of the string comparator metric between the
agreement weight and the disagreement weight.

The Winkler piecewise-linear approach uses the same
metric as the Jaro string comparator to define closeness
of agreement, but the rate at which partial agreement weights
decrease from the agreement weight to the disagreement
weight is a piecewise linear function of the string comparator
metric, requiring two user-supplied rate parameters and
two user-supplied thresholds where the slope changes.
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The Jaro pro-rated method assigns a weight between
the agreement weight and the disagreement weight based
on the absolute value of the difference between two numeric
fields. As with the aforementioned techniques, the partial
agreement weight falls off as a linear function of the
absolute value of the difference.

Even for some numeric fields (e.g., telephone number),
a comparison method designed to accommodate slight
typographical variation would seem more sensible than a
method based on absolute numerical difference. However,
for variables such as year of birth or age, it may not be
clear whether to target efforts toward accommodating
typographical errors (for which a string comparison method
would be best suited), reporting errors (for which the
absolute-difference method may be most appropriate), or
other types of errors such as ‘‘heaping’’ or rounding of
reported ages on multiples of five years (for which neither
of the previously mentioned comparison methods would
be ideally suited). Accordingly, we pursue our empirical
evaluations in an attempt to shed light on these issues.

3.3.3 Treatments Involving the Choice of Matching
Variables

As mentioned previously, an approach has been devel-
oped at the Census Bureau for converting nicknames to
a standardized root. Software developed by Paletz (1989)
implements the name-standardization routine.

The treatment that omits marital status and relation-
ship to head of household as matching variables allows for
an assessment of the importance of two background
demographic variables on the quality of matching. Chernoff
(1980) develops theory for the information carried by a
matching variable and shows that a variable recorded in
error even a small percentage of the time can lose a
substantial amount of information for matching purposes
(e.g., the Kullback-Leibler information associated with a
binary variable recorded in error three percent of the time
is only about half that of a binary variable recorded
without error). Considering that relationship to head of
household could differ between the census and PES if the
person listed as the head of household is different, and that
marital status will change for some individuals in the
intervening time, it is not clear in advance how much infor-
mation for matching is provided by these variables. On the
other hand, it is hard to imagine that using additional
matching variables would be deleterious, so that this treat-
ment provides a standard for assessing the practical
significance of some of the other treatments.

The treatment of using either four or seven digits of
phone number as a matching variable is self-explanatory.
A motivation for considering this treatment is that one of
the specific piecewise-linear string comparator methods
proposed by Winkler was developed based on analysis of
the last four digits of phone number as a matching variable.
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3.3.4 Treatment for Adjusting Composite Weights
for Correlated Agreement

The method described as adjusting the composite
weight to reflect the possibility of correlated agreement is
also due to Winkler and is described in Winkler and
Thibaudeau (1992). Research by Kelley (1986) and
Thibaudeau (1989) reveals that agreement on the various
fields available for matching between the census and PES
data files is far from being independent across fields. In
particular, analyses suggested that agreement on first
name was correlated with agreement on middle initial and
that agreement on first name, age, and sex were mutually
correlated. These findings led to the implementation of
modifications to the composite weight when certain patterns
appear (e.g., if first name, age, and sex all disagree, then
a large value is subtracted from the composite weight). The
current scheme for adjusting the composite weight is
entirely ad hoc; research into methods that reflect correlated
agreement still appears to be in its infancy.

3.4 Data Files Used in Experiment

As mentioned before, the three sites of the 1988 dress
rehearsal census and post-enumeration survey provided
separate data files on which these analyses of record
linkage could be performed. There were 12,072 records in
the PES file from St. Louis, 6,581 records in the PES file
from East Central Missouri, and 2,782 records in the PES
file from eastern Washington state. As was also noted
earlier, the final determinations by clerks who reviewed
these files were taken as the truth for purposes of evalua-
tion. Other test censuses were conducted during the 1980’s;
the primary reason for not including the data from other
test censuses in this experiment is that a considerable
amount of “‘overhead’’ time is required to prepare a data
set for the analyses performed here.

3.5 Outcome Variable

The primary outcome variable considered in this experi-
ment was a transformation of the false-match rate. The
false-match rate is defined as the number of false matches
divided by number of declared matches, and is a common
measure of performance in the literature on record linkage
(e.g., Fellegi and Sunter (1969) attempt to provide output
that satisfies a fixed false-match rate criterion supplied by
the operator of the program). In order to stabilize the
variance of the outcome, the analyses here use the arcsine
of the square root of the false-match rate as an outcome
variable.

3.6 Choice of Cutoff Weight as a Blocking Factor

It is clear that the false-match rate in record linkage is
apt to depend heavily on the choice of a cutoff between
declared matches and declared non-matches. Accordingly,
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a blocking factor (Factor J) is introduced to fix the deter-
mination of cutoffs so as to facilitate comparison of other
record-linkage treatments. To provide a standard for com-
parisons across sites having different numbers of records,
the cutoff level is defined in terms of the proportion of the
PES data file declared matched.

Because of the discreteness of record-linkage weights,
it is possible to have ties among the weights of record pairs
on the boundary where the cutoff should be assigned. For
example, in a file of 10,000 records, there may be 40
records with weight W (of which 10 may be false matches),
7,980 records with weight greater than W (of which 3 may
be false matches), and 1,980 records with weight less than
W. If the treatment in factor J calls for 80% of the PES
file to be matched, then it may not be obvious how to
calculate the false-match rate, since there are 40 records
with the same weight straddling the point where the cutoff
should be set. Calculations of the false-match rate in such
a case are based on the following relationship:

Jody
va + —= X (ncut - nabv)
Rpgy

fmr = s
Reut

where fmr denotes false-match rate, f,, is the number of
false matches and n,,, the number of declared matches
with weights above the cutoff weight, f,4y is the number
of false matches and 7,4, the number of declared matches
with weights equal to the boundary cutoff weight, and
gy is the number of declared matches needed to satisfy
the condition that a certain percentage of the PES data file
be declared matched. If we were to calculate the false-
match rate by randomly selecting the appropriate number
of boundary records to satisfy the cutoff criterion, then
the expression above would give the expected false-match
rate over repetitions of such a procedure; thus, the logic
behind this definition is clear.

In the example above, one fourth of the boundary cases
are false matches, and twenty additional records are
needed to satisfy the stipulation that 80% of the file be
declared matched. Effectively five false matches are added
to the three among the records among the pairs with
weights above the cutoff weight, giving a false-match rate
of (3 + 0.25(40 - 20))/8,000 = 8/8,000 = 0.001.

3.7 Further Considerations Relevant to the Analysis
of Experimental Results

Analysis of the experimental results proceeded from the
standpoint that general indications of significance are
more important than precise p-values, especially because
the experiment itself is exploratory. Belin (1991) points out
that appropriate methods for assessing significance from
these data are somewhat complicated; this is because site
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should be thought of as a random factor (since we would
like to generalize about treatment effects from the sample
of three sites to a population of many possible sites), but
standard procedures that use the site by treatment interaction
as the error term for a particular treatment suffer from low
power given the small number of available sites. Belin
(1991) uses the Johnson-Tukey display-ratio plot (Johnson
and Tukey 1987), which is a close relative of the half-
normal plot of Daniel (1959), to estimate underlying noise
levels in assessing the significance of effects. In this paper,
we do not attempt to present formal significance findings.

4. RESULTS

4.1 ANOVA Breakdown of Experimental Results

We begin by breaking down the results of the factorial
experiment into an analysis of variance, distinguishing
treatment effects, site effects, cutoff effects, and their
interactions from one another, grouping effects of the
same order. Table 4.1 is an excerpt from the complete
ANOVA breakdown of the experiment, showing treat-
ment interactions up to four-way along with correspon-
ding error terms.

F-statistics are calculated dividing the mean square for
the given effect by the mean square for the effect-by-site
interaction term. Thus, for example, the F-statistic for
three-way interactions among treatments is calculated as
0.0120/0.00470 = 2.551, with the denominator coming
from the line for the four-way treatment-by-site
interaction.

If the F-statistics are interpreted in the usual way, then
statistical significance at the 0.0001-level is achieved for
all of the F-statistics reported in Table 4.1 except the
treatment-by cutoff four-way interactions; however, cau-
tion should be used in interpreting these results. First, the
magnitudes of the various mean-square terms suggest that
the higher-order effects are not of substantial practical
importance. Further, the comparison of the F-statistics
calculated above to a reference F-distribution relies on
certain exchangeability assumptions (e.g., that site-to-site
variability in main effects is the same for all main effects)
that are not necessarily well-founded. For example, it may
not make sense to pool site-to-site variability in the effect
of four versus seven digits of phone number with site-to-
site variability in the effect of the different weighting
schemes in estimating an error term for main effects.

4.2 Importance of Choice of Cutoff as Compared to
Other Controllable Factors

It is evident (e.g., from the mean squares for main
effects) that site-to-site variability and variability due to
the choice of a cutoff are considerably larger than the
variability explained by differences in treatments. Although
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Table 4.1

Excerpt from ANOVA Breakdown of Factorial Experiment, Grouping Effects of the Same Order
Source daf Sums of squares Mean square F
Site main effects 2 35.195 17.598
Treatment main effects 13 30.917 2.378 10.570
Cutoff main effects 12 147.515 12.293 7.548
Treatment/site 2-way interactions 26 5.850 0.225
Cutoff/site 2-way interactions 24 39.089 1.629
Treatment/treatment 2-way ints 70 6.992 0.100 4,041
Treatment/cutoff 2-way ints 156 1.410 0.009 3.553
Treatment/site 3-way interactions 140 3.461 0.0247
Cutoff/treatment/site 3-way ints 312 0.794 0.0025
Treatment 3-way interactions 206 2.472 0.0120 2.551
Treatment/cutoff 3-way ints 840 0.530 0.0006 1.866
Treatment/site 4-way interactions 412 1.938 0.00470
Cutoff/treatment/site 4-way ints 1,680 0.568 0.00034
Treatment 4-way interactions 365 0.747 0.00205 2.365
Treatment/cutoff 4-way ints 2,472 0.267 0.00011 0.236
Treatment/site 5-way interactions 730 0.632 0.00087
Cutoff/treatment/site 5-way ints 4,944 0.226 0.00046
Total 56,159 279.169

this result may be explained in part by the fact that some
treatments are very close to one another (e.g., using four
digits versus seven digits of phone number), it is never-
theless the case that some of the qualitative differences
between treatments are quite substantial (e.g., leaving out
two matching variables versus keeping them in). The
ANOVA breakdown also highlights the fact that we can
expect substantial site-to-site variability in false-match
rates. In their approach to calibrating record-linkage
procedures, Belin (1991) and Belin and Rubin (1991)

explicitly accommodate site-to-site variability in providing
estimates of false-match rates corresponding to different
cutoffs.

4.3 The Main Effects of Treatments

In Table 4.2, we give the mean of the outcome variable
observed for each level of the treatment factors. Since
arcsine (x) is a monotone increasing function of x, lower
values of the outcome signify lower false-match rates and
thus better performance.

Table 4.2

Marginal Values of arcsine(~'fmr) for each Level of Experimental Treatments Averaged
over all other Experimental Conditions

(inexact agree,

Factor A (name wts) Factor B name wts) Factor C (non-name wts)
Level 1 0.106 Level 1 0.113 Level 1 0.101

2 0.096 2 0.094 2 0.101

3 0.093 3 0.095

4 0.130

5 0.079

(inexact agree, (Standardize (Adjust for

Factor D non-name wts) Factor E name) Factor F correlated agree)
Level 1 0.111 Level 1 0.102 Level 1 0.106

2 0.108 2 0.100 2 0.095

3 0.084

(Include (Four or seven

Factor G marit/rel) Factor H digits phone #
Level 1 0.103 Level 1 0.102

2 0.098 2 0.100
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Belin (1991) breaks down the experimental findings into
a set of complementary orthogonal contrasts. The largest
main-effect contrasts among those prespecified by Belin
(1991) were those between frequency name weights
(A = 5) and Fellegi-Sunter name weights (A = 4),
between Winkler’s string comparators on non-name fields
(D = 3) and Jaro’s corresponding string comparators
(D = 2), between some string comparator for names
(B = 2or 3) and no string comparator for names (B = 1),
between some string comparator for non-name fields
(D = 2 or 3) and no string comparator for these fields
(D = 1), and between performing an adjustment for cor-
related agreement (F = 2) and not performing such an
adjustment (F = 1).

4.4 Two-Way Treatment Interactions

The largest two-way treatment interaction contrast
among those reviewed by Belin (1991) was the F x G
effect, which is the interaction of performing an adjustment
for correlated agreement (among first name and middle
initial and among first name, age, and sex) with including
or not including marital status and relationship to head
of household as matching variables. This contrast was
statistically significant according to any of the procedures
used in Belin (1991) for estimating a background noise
level. We show the average levels of the outcome across
the four treatment combinations above in Table 4.3.

Table 4.3

Average Performance for Combinations of
F and G Treatments

F G False-match rate Arcsine(~/fmr)
1 1 0.0182 0.116
1 2 0.0143 0.097
2 1 0.0128 0.091
2 2 0.0151 0.100

This result suggests that the adjustment for correlated
agreement (level 2 of factor F) helps a great deal when
marital status and relationship are not included as mat-
ching variables (level 1 of factor G), but the adjustment
for correlated agreement does not help on average when
marital status and relationship are included as matching
variables. That we are able to identify this type of effect
emphasizes the importance of pursuing empirical evalua-
tions in an experimental framework.

The next two largest two-way treatment interaction
contrasts cited by Belin (1991) after the F X G interaction
comprise part of the A X B interaction (involving the
choice of name weights and the choice of string comparisons

all of the combinations of treatments for factors A and
B below as Table 4.4.
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Table 4.4

Average Performance for Combinations of
A and B Treatments

A B False-match rate Arcsine (v/fmr)
1 1 0.0192 0.120
1 2 0.0140 0.099
1 3 0.0143 0.100
2 1 0.0170 0.110
2 2 0.0120 0.087
2 3 0.0123 0.089
3 1 0.0177 0.113
3 2 0.0118 0.084
3 3 0.0119 0.083
4 1 0.0254 0.145
4 2 0.0193 0.123
4 3 0.0189 0.122
5 1 0.0109 0.079
5 2 0.0109 0.079
5 3 0.0109 0.078

Thus, we find that when we use frequency-based name
weights (A = 5), it hardly matters whether we use any
string comparison method, but when we use ad hoc name
weights or Fellegi-Sunter name weights, the use of string
comparison methods substantially improves the average
performance of the computer-matching procedure.

We highlight some of the other interesting findings
noted in Belin (1991) based on exploring the largest two-
way treatment interaction effects:

(1) The Winkler approach to inexact agreement on non-
name variables (i.e., D = 3), which is the best treat-
ment on average for factor D, has more of a helpful
effect on average when marital status and relationship
to head of household are included as matching
variables (i.e., G = 2), even though the latter
variables are not included in any of the treatments for
handling inexact agreement.

(2) Unlike the other treatments for name weights, which
appear to be helped by the inclusion of marital status
and relationship, frequency-based name weighting
appears to be adversely affected by the inclusion of
these variables.

(3) Ad hoc weights of + 6 for agreement on name perform
better on average when combined with the ad hoc
weighting approach to non-name variables; ad hoc
name weights of +4 and +2 work better with the
weights assigned by the Fellegi-Sunter algorithm to
non-name variables.

(4) Without the adjustment for correlated agreement,
Fellegi-Sunter weights for non-name variables worked
better for these data than ad hoc weights, but the
ad hoc weights worked better when the adjustment for

correlated agreement was included. (However, based

on the method of estimating the background noise
should not necessarily be expected to carry over to
other sites.)
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4,5 Which Treatment Combination Works Best?

To wrap up the analysis of the experimental results, we
consider now the question of which treatment combina-
tion works best. To measure the performance for a given
treatment combination, we take the average outcome from
using that procedure across the three available sites. The
outcomes we examine are the false-match rates correspon-
ding to 60%, 62.5%, 65%, 67.5%, 70%, 72.5%, 75%,
77.5%, 80%, 82.5%, 85%, 87.5%, and 90% of the PES
file declared matched. The results from the experiment are
provided in Table 4.5.

Table 4.5

Best Treatment Combination for each of Thirteen Cutoffs
from Factorial Experiment

False-match rate
Levels of factors in best for best treatment
treatment combination combination
(ABCDEFGH) averaged over
three sites

Cutoff level

60% matched 33232111 0.00042
62.5% matched 3 3 1 3 1 1 2 1 0.00047
65% matched 33132222 0.00052
67.5% matched 3 3 2 3 2 2 1 1 0.00071
70% matched 23231212 0.00079
72.5% matched 5 2 2 3 1 1 1 2 0.00081
75% matched 51132121 0.00112
77.5% matched 3 3 1 3 2 1 2 1 0.00133
80% matched 23231212 0.00188
82.5% matched 3 3 1 3 2 2 1 1 0.00571
85% matched 51232212 0.01556
87.5% matched 2 3 2 3 1 2 1 2 0.03023
90% matched 23231212 0.05174

These results contrast with the earlier result suggesting
that frequency-based weighting for names (level 5 for
factor A) is better on average than using ad hoc name
weights of +6 (level 3 for factor A). Apparently, the
reason that the latter is worse on average is due to certain
interaction effects. When the ad hoc weighting approach
is combined with the appropriate levels of other factors,
it appears to perform at least as well as the frequency-
weighting approach. We also note that the best combina-
tion of factors F and G is not always treatments 2 and 1,
respectively, despite our earlier finding that this treatment
combination for these two factors performs best on
average. Only treatment 3 of factor D (using Winkler
modifications in handling inexact agreement on non-name
variables) is an unequivocal choice for the best treatment
no matter how we measure the outcome of the experiment.
The choice for the best treatment for name weights is
between deterministic weights of +6 or +4 and the fre-
quency name-weighting approach. If one of the deter-
ministic weighting schemes is used, the Winkler approach
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to string comparisons for names is to be recommended;
with frequency name weights, it is not clear that any string
comparison approach should be used on names.

Between Fellegi-Sunter weights for non-name variables
and ad hoc weights, the choice is not obvious, but earlier
analysis suggested that the effect either way is small.
Similar remarks apply to the choice of whether to use stan-
dardized or unstandardized first names and to the choice
of whether to use four or seven digits of the phone number.

Considering the fact that there is not a single treatment
combination that is uniformly superior to all other treat-
ment combinations, one might look to the performance
of different treatment combinations in a particular region
of interest (e.g., where the false-match rate is around
0.001). However, if we look at the best treatment combina-
tions in the region where 70%-80% of the PES file is
declared matched (i.e., restricting attention to five cutoffs),
we still find no obvious choice for a preferred treatment
combination. Averaged across those five cutoffs, the best
treatment combination is (2,3,2,3,1,2,1,2); that is, using
name weights of +4, incorporating Winkler’s modifica-
tions to inexact agreement on name, estimating weights
using the Fellegi-Sunter algorithm for non-name variables,
using Winkler’s approach to inexact agreement for non-
name variables, using the original unstandardized version
of first name, adjusting the composite weight for cor-
related agreement, not including marital status and rela-
tionship to head of household as matching variables, and
using all seven digits of phone number.

For comparison, we display in Table 4.6 the average
performance of some of the other candidates for best treat-
ment combination. Thus it appears that the best alter-
natives to (2,3,2,3,1,2,1,2) are treatment combinations
3,3,1,3,2,2,2,2) and (3,3,1,3,2,1,2,1). Both of these
procedures feature name weights of + 6, predetermined

Table 4.6

Average False-match Rates for Different Treatment
Combinations Across Three Sites and across
Five Cutoff Levels (70%, 72.5%, 75%, 77.5%, and 80%
of PES File Declared Matched)

Average false-match rate across
sites and across cutoffs with 70%,
72.5%, 75%, 77.5%, and 80% of

PES file declared matched

Levels of factors in
treatment combination
(ABCDEFGH)

33232111 0.00493
33131121 0.00154
33132222 0.00137
33232211 0.00161
23231212 0.00124
52231112 0.00191
51132121 0.00153
33132121 0.00138
33132211 0.00156
51232212 0.00155
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ad hoc weights for non-name variables, Winkler’s
approaches to inexact agreement for both name and non-
name variables, standardized first names, and inclusion
of marital status and relationship as matching variables.
These treatment combinations differ from each other in
that one includes an adjustment of the composite weight
for correlated agreement and calls for using seven digits
of phone number, whereas the other features no adjust-
ment of weights for correlated agreement and only four
digits of phone number. The treatment combinations
involving the use of frequency-based name weighting do
not perform as well as the best treatment combinations
using ad hoc name weights according to this standard.

In the 1990 PES, the treatment combination that was
used in computer-matching operations was very close to
treatment combination (5,3,2,3,2,2,2,1). In the test-census
data sets studied here, this treatment combination produced
an average false-match rate across the five cutoffs of
0.00179.

4.6 Concluding Remarks

While the results in this paper address the tradeoff
between the number of records declared matched and
false-match rates, an anonymous referee noted that ‘‘every
gain which is achieved by a superior record linkage pro-
cedure must be justified by the cost of implementing that
procedure.’’ This is another tradeoff that any practitioner
can appreciate. Hopefully, the findings presented here
about the relative importance of various factors in record
linkage will provide some guidance to those who develop
and implement linkage software. Because some of the
results may depend on specific features of the census/PES
data being matched, there may be some question as to how
these results relate to other record-linkage settings. But as
was emphasized at the outset, one practical recommenda-
tion that does generalize across data settings is the call for
taking an experimental approach to the study of record
linkage. Empirical study through designed experiments is
a tried and true source of guidance, offering a clear
framework for adding to the accumulated insights of
record-linkage specialists.
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