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Objectives

Statistical matching is a method used
to combine two files when it is unlikely
that individuals on one file are also on the
other file. The objectives of this report are
to document and evaluate statistical
matches of the March 1996 Current
Population Survey (CPS) and the 1995
National Health Interview Survey (NHIS)
and give recommendations for improving
future matches. The CPS-NHIS match
was motivated by the need for a data set
with data on health measures and family
resources for use in policy analyses.

Methods

Three statistical matches between
the March 1996 CPS and the 1995
NHIS are described in this report. All
three matches used person-level
constrained matching with partitioning
and a predictive mean matching
algorithm to link records on the two
files. For two of the matches, the CPS
served as the Host file and the NHIS
served as the Donor file; for the third
match, the NHIS was the Host file and
the CPS was the Donor file.

Results

The results suggest that the
constrained predictive mean matches of
the March 1996 CPS and the 1995 NHIS
successfully combined some of the
information on the two files, but that
relationships among some Host and
Donor variables on the matched file may
be distorted. The evaluation of the
matches suggested that the variables
used to partition the Host and Donor files
prior to matching and the variables
involved in the predictive mean matching
play an important role in determining
whether relationships among variables on
the matched file correctly represent
relationships among those variables in
the population. The evaluation also
indicated that estimates for small
subgroups may be especially subject to
error. The results reinforce the need to
proceed cautiously when exploring
relationships among Host and Donor
variables on a statistically matched file.

Keywords: Constrained matching «
data fusion « predictive mean
matching « statistical matching

Statistical Match of the March

1996 Current Population Survey
and the 1995 National Health

Interview Survey

by Deborah D. Ingram Ph.D. and Christopher L. Moriarity, Ph.D.,
National Center for Health Statistics, John F. O’Hare, Ph.D., The
Urban Institute; Joan Turek, Ph.D., Office of the Assistant Secretary
for Planning and Evaluation, U.S. Department of Health and Human

Services

Introduction

he objectives of this report are to
T describe the methods used for a

statistical match of the March
1996 Current Population Survey (CPS)
and the 1995 National Health Interview
Survey (NHIS) (1-3), to present an
evaluation of the match, and to provide
recommendations for improving future
matches. Statistical matching is a
method used to combine two files when
it is very unlikely that an individual is
included on both files. This is known to
be the case for the CPS and the NHIS.
The motivation for the statistical match
of the CPS and NHIS was the need to
have measures of health status, health
care utilization, and family resources
(income sources including noncash
benefits) on the same large national data
set for health policy analyses. The goal
of the statistical match of the March
1996 CPS and the 1995 NHIS was to
assess the feasibility of using statistical
matching to obtain a large national data
file with health data and family resource
data that could be used to make valid
tabulations and inferences that involve
both types of variables.

The CPS was selected as the source
of information on family resources for
two reasons. First, the CPS has detailed
information on the income and
demographic characteristics of the
Nation. Second, as the primary data set

used in the Urban Institute’s Transfer
Income Model (TRIM), the CPS has
been a principal data source for
examining how major governmental
health, tax, and cash and in-kind transfer
programs (and changes to them) affect
the U.S. population at the individual,
family, state, and national level (4).
TRIM3, the current version of TRIM, is
used to simulate numerous health, tax,
and transfer programs. Health programs
simulated include Medicare, Medicaid
and SCHIP, and employer-sponsored
health insurance. Tax programs
simulated include payroll taxes, federal
income taxes, and state income taxes.
Cash and in-kind transfer programs
simulated include: Supplemental
Security Income (SSI), Temporary
Assistance to Needy Families (TANF),
Aid to Families with Dependent
Children (AFDC), the Food Stamp
Program, child care, child support, and
public and subsidized housing.

Since the first TRIM model became
operational in 1973, the TRIM models
have been used to understand the
potential outcomes of public policy
changes such as welfare reform, tax
reform, and national health care reform.
Health-related variables are important to
TRIM in at least two ways. First,
various health-related variables help
determine whether an individual or
family is eligible for a government
program, or the amount of benefit from
that program. For example, disability
status is particularly relevant to program

Page 1
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eligibility or benefits. Second, some
health-related variables are important to
include in the TRIM system to provide
a more comprehensive picture of the
economic well-being of American
families. For example, the inclusion of
health insurance premiums in the TRIM
system allows for creation of a
comprehensive measure of income
(health costs and taxes subtracted,
transfers added) that could be used in
looking at how persons spend down into
poverty. Other health-related variables
may affect health, tax, or transfer
program benefits. For instance, tax
credits have been proposed to defray
some of the costs of purchasing private
nongroup health insurance policies. The
CPS contains very little information on
health-related indicators. Thus, matching
the CPS and NHIS would allow
important health-related variables on the
NHIS, such as functional disability
indicators and information on health
conditions of interest, to be added to
TRIM for use in simulations and
tabulations. Additional health-related
information benefits the TRIM system
by enhancing the model’s ability to
simulate the various tax and transfer
programs as well as possible new
policies.

The NHIS was selected as the
source of the health data as it contains
detailed information on the health
characteristics of the U.S. population.
While the 1995 NHIS collected fairly
detailed data on amounts of family
income from various sources (on the
Family Resources supplement),
beginning with the 1997 NHIS the
Family Resource supplement was
discontinued and only data on amounts
of total annual family income and
annual personal earnings were collected.
For some types of studies, data on
income amounts from specific sources
are needed. Therefore, the addition of
reliable family resource variables to the
NHIS through a statistical match with
the CPS could be very useful.

The feasibility of combining income
and program participation data from the
CPS and health data from the NHIS
using statistical matching was assessed
in the Statistical Matching Project. The
Statistical Matching Project was a
collaborative effort among researchers at

the Centers for Disease Control and
Prevention’s National Center for Health
Statistics (NCHS), the U.S. Department
of Health and Human Services’ Office
of the Assistant Secretary for Planning
and Evaluation (ASPE), and the Urban
Institute. An Advisory Group, which
provided expert advice, consisted of the
two project codirectors, Deborah Ingram
(NCHS) and Joan Turek (ASPE); John
O’Hare (Urban Institute); and the
following researchers: Dale Hitchcock
(ASPE), John Marcotte (Urban
Institute), Chris Moriarity (NCHS),
Gene Moyer (ASPE), Jim Scanlon
(ASPE), Fritz Scheuren (Urban
Institute), Sheila Zedlewski (Urban
Institute), the late Pat Doyle (Census
Bureau), and Carol Frost (Congressional
Budget Office) (note that the affiliations
shown are not necessarily current
affiliations, but rather are the affiliation
of each Advisory Board member when
the Advisory Board was active). There
have been several iterations of the
statistical match of the March 1996 CPS
and 1995 NHIS during this project, one
of which has been briefly reported
previously (5). An early assessment of
the final statistical match, the match
described in this report, has also been
previously published (6).

This report begins with a brief
review of statistical matching, followed
by a comparison of the CPS and NHIS
that assesses the similarity of the two
data sets, and a description of the
methodology used in this project. The
following section presents the results of
the match. The final sections contain
recommendations that may improve
future matches, some thoughts on future
research directions, and a summary of
the Statistical Matching Project.

Overview of
Statistical Matching

tatistical matching (also called
S synthetic, stochastic, or attribute
matching or merging, data
integration, or data fusion) involves
combining two or more data files to

construct one file. The purpose of
statistical matching is to enrich an

existing data file by adding more
accurate, more detailed, or more
comprehensive information to meet
research, evaluation, or analytic needs.
In a statistical match, it is very unlikely
that an entity that is in one file is also
in the other file, so the records on one
file are matched with records on the
other file that they resemble or are in
some sense ‘“‘close to”” based on the
values of a set of common variables.
Statistical matching is in contrast to
exact matching or record linkage where
the same entities appear in both data
files and unique identifiers exist to
combine the records from the two data
sources. Statistical matching has been
widely used because it is faster and
cheaper to construct a statistically
matched data file than to conduct a new
survey. Adding variables to a data file
by statistically matching files also has
the benefit of reduced respondent
burden. Statistical matching may
sometimes be used instead of exact
matching because of legal restrictions on
the use of exact matching due to
confidentiality concerns. When a data
file will be used by many analysts for
many different purposes, producing a
statistically matched file may be an
efficient way to obtain the needed
flexibility. The development of
computers has made use of statistical
matching procedures feasible. As
computational power has increased, the
size of data files that can be matched
and the complexity of matching
algorithms that can be used have also
increased.

Statistical matching procedures
developed in the United States and
Canada, as well as evaluations and
applications of them, have been
published extensively in the economics
and statistics literature (7-70). An early
comprehensive review of the theoretical
and applied approaches to statistical
matching is contained in Sims (13). The
Subcommittee on Matching Techniques
of the Federal Committee on Statistical
Methodology produced a comprehensive
report containing an overview of
statistical and exact matching
techniques, examples of both types of
matching, and a limited comparison of
statistical and exact matching (36). The
National Academy of Science’s report



Combining Information: Statistical
Issues and Opportunities for Research
demonstrates how statistical matching
relates to the broader topic of combining
information across numerous data
sources to assist in better decision-
making (57). A number of other reviews
of statistical matching procedures and
evaluations of various approaches have
appeared in the literature (17,23,30,
39,41,46,48,49,52,54,56,67). In the
United States and Canada, statistical
matching has been performed since the
late 1960s by government agencies and
research institutions—including the
Bureau of Economic Analysis, the
Brookings Institution, Mathematica
Policy Research, the Office of Tax
Analysis (U.S. Department of the
Treasury), the Social Security
Administration, Statistics Canada, and
Yale University (7,8,10,
15-18,20-24,27,29,30,32,34,35,37,
38,40,43,45,47,51,55,59). The data
files typically used in these statistical
matches have been large national
administrative record and economic
microdata files containing information
on a nationally representative sample
of (or a major subset of) entities such
as individuals, families, or firms. The
resulting statistically matched data
files have been used to make estimates
of the distributions of economic
variables (e.g., income, wealth, and
taxes) and as input to microsimulation
models that examine the impact of
policy changes on population
subgroups and projections of program
needs. At least one early statistical
match involved combining a national
health data file with an economic data
file to produce a data file for use in
health services research (47). In recent
years, statistical matching (usually
referred to as data fusion in these
applications) has been widely used in
market research to produce cross
tabulations of product usage data and
media exposure data (61). Statistical
matching has also been used
extensively in Europe and Great
Britain, but there it has been applied
more often in market research, and
different procedures have been
favored (67).

Standard Statistical
Matching Framework

The standard matching framework
is illustrated in Figure 1. In this
framework, one has observations from
two data sets (File A and File B). There
is a limited set of variables common to
both files (X-variables). File A also
contains variables not available on File
B (the Y-variables). Similarly, File B
contains variables not available on File
A (the Z-variables). A match of the two
files results in at least one new data file
(File C) in which each record contains
information on all three sets of
variables, that is, X, Y, and Z. If entities
on one file are also on the other file,
then File A and File B can be matched
using exact matching procedures. An
exact match involves linking each
record on File A to the record on File B
that has identical values for some
selected set of the X-variables (the
variables common to both files and in
this case, usually unique identifiers). If,
on the other hand, it is highly unlikely
that any of the entities on one file are
also on the other file, or if an exact
match is not possible because the unique
identifiers have been suppressed for
confidentiality reasons, File A must be
matched to File B using statistical
matching procedures. A statistical match
usually involves linking each record on
File A to the record on File B with the
most similar values on a selected subset
of X-variables. In a statistical match, it
is very unlikely that the pair of records
that are matched (one from File A and
the other from File B) will have
identical values for all of the
X-variables in the matching subset, and
certainly not for the entire set of
X-variables. In subsequent analyses
using the matched file (File C), the
values of the X-variables from the
primary file are used. In the standard
statistical matching framework, File A is
considered the primary file and is
referred to as the Host file, while File B
is referred to as the Donor file. The
resulting matched data file (File C), has
records with values for the X and Y
variables from File A and values for the
Z-variables from File B. Often, the fact
that File A and File B were combined
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using a statistical match, rather than an
exact match, is ignored in subsequent
usage of the matched file and it is
treated as if it resulted from a single
survey in which all three sets of
variables were collected. The primary
goals when performing a statistical
match are to preserve on the matched
file, to the maximum extent possible,
the marginal distribution of each of the
X-, Y-, and Z-variables as they appeared
on the original data files, and to obtain
joint distributions of the Y- and
Z-variables that are reasonable estimates
of the true joint distributions in the
population.

Unconstrained and
Constrained Matching

There are two distinct types of
statistical matching methods:
unconstrained matching and constrained
matching.

In unconstrained matching, each
record in the Host file (File A)
appears in the matched file (File C),
but it is not required that all of the
records in the Donor file (File B)
be used in the match (10,27,36,46,50,
54,56,59,60,62,67). In unconstrained
matching, each record on File A is
matched with the record on File B
that has the closest values on the
subset of X-variables selected for
use in the matching procedure.
Typically in unconstrained
matching, some records on File B
will be used multiple times in the
match, while other records will not
be used at all. Limits sometimes are
placed on the number of times a
Donor record (File B record) can be
used. When imposed, these limits
help ensure that the (weighted)
distributions of the Z-variables
“brought over” to the Host file in
the match are closely aligned with
the distributions on the original file.
Even so, one of the criticisms of
unconstrained matching is that the
marginal distributions of the
Z-variables in the matched file can
be quite different from those in the
original file (41,46,56). Distortions
of the Z and (X,Z) distributions
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File A
X, Y)

File C
X, Y. 2)

Y-variables

X-
variables

X-, Y-, Z-
variables

File B
X, 2)

may occur partially because of
highly different sample weights in
the records (41). Rodgers reported
that differences between the joint
distributions of Z-variables in the
matched file and their joint
distributions in the Donor file tend
to be greater when unconstrained
matching is used than when
constrained matching is used and
thus, more error is introduced into
regression models involving X-, Y-,
and Z-variables (46).

To illustrate the unconstrained
matching process, consider the

Figure 1. lllustration of the standard statistical matching framework

hypothetical example shown in
Figure 2. In this example, there are
five units in the Host file (File A)
and five units in the Donor file
(File B), and the resulting matched
file (File C) also has five units. The
sample weights are not directly
involved in the matching process;
the sample weights associated with
each of the units in the matched file
are those found on the Host file
(File A). In this example, only one
variable from the set of X-variables
(the variables common to both File
A and File B), age, is used to assess
“closeness” of File A and File B

units; each File A unit is matched to
the File B unit that is closest to it
in age. Note that the sort order of
the units within File A and File B
does not affect which File A and
File B units are matched. To begin
the unconstrained matching process,
the age difference between each
File A unit and each File B unit is
calculated. First, a match for Al,
the first unit in File A, is chosen
from the five File B units. B1 is
closer in age to Al than the other
File B units are, so it is matched to
Al to form the first record in File
C, CI (Al has age=64; B1 has
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File A (Host file) File B (Donor file)
X-variables X-variables
Match Other Match Other
set X-variables set X-variables
Uniti Sample weight Age Xy Xy, Y-variable Unitj Sample weight Age Xs;, 2_XBj,n Z-variable
Al 150 64 Xt 2 Xnt Y, B1 250 66 Xa1 2 Xa1 Z
A2 100 61 Xz X2 Y, B2 150 58 Xas, 2 Xeo.n Z,
A3 300 53 Xz 2 XKaan Y, B3 100 39 Xas, 2 Xas.n Z,
A4 50 28 Xas 2 XKnsn Y, B4 200 28 Xas X4 n Z,
A5 200 26 Xas, X5, Y, B5 100 18 Xas, 2 Xgs.n Z,
File C (Matched file)
X-variables
Match Other
set  X-variables
Unitk Matched unitsi,j Sample weight Age Xy o Y-variable  Z-variable

C1 A1, B1 150 64 Xt o Xnt n Y,, Z,

Cc2 A2, B2 100 61 Xaz, 5Kz n Yo 52

C3 A3, B2 300 53 Xas, o Xns Yo Z,

C4 A4, B4 50 28 Xas, 2 XKna n Y. Z,

C5 A5, B4 200 26 Xas, X5 n Yo Z,

age=606; C1 has age=64, the age of
the Host unit). B2, the second unit
in File B (with age=58) is closer in
age to both the second and third
units in File A (A2 with age=61 and
A3 with age=53) than the other File
B units, and therefore, B2 is
matched to both of them. Similarly,
B4 is the File B unit that is closest
in age to A4 and is matched to it;
B4 is the File B unit that is closest
in age to A5 and is matched to it.
Thus, two units in File B are used
multiple times in the matching
process, while two other units (B3
and B5) are not matched to any File
A units.

In constrained matching, all of the
records in both data files are
represented in the matched file (File
C) (24,35,39,41,44,46,48,50,59,60,
62,67). To accomplish this, records
on both files may have to be used

more than once because this type of
matching involves making sure that
the population weight attached to
each record is “used up” in the
match (when a record is used more
than once its weight is “split”). A
necessary condition for performing
a constrained match is that both
input files have the same weighted
population totals. A direct
consequence of the constraints
imposed on the weights is that the
marginal distributions (and
therefore, the means and variances)
of the Y and Z variables in both
input files are preserved on the
matched file (File C). In applied
work, it is often the case that the
two input data files are from
surveys taken over different time
periods so that the weighted
population totals are slightly
different. In this case, it iS common

Figure 2. lllustration of an unconstrained match of File A (Host file) and File B (Donor file) to produce a statistically matched file, File C

practice to ““scale’” one of the files
(usually the Host file) so that the
weighted population totals agree.
When the input files are partitioned
prior to marking (see below), the
weights must be scaled within each
partition cell. Such differential
scaling can result in distortions of
the marginal distributions of the
Z-variables. When a complex
survey design is present, the
marginal distributions of the
Z-variables may not be perfectly
preserved on the matched file (67).
One potential drawback of
constrained matching is that records
with an unacceptably large distance
(defined in the section “Choosing a
close match’) between the
X-variables may be matched. In
addition, the number of records in a
file created using constrained
matching is usually larger
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File A (Host file) File B (Donor file)
X-variables X-variables
Match Other Match Other
set X-variables set X-variables
Uniti Sample weight  Age Xy o Xnn  Yvariable Unitj Sample weight Age Xg Xy, ZVvariable
A1 150 64 Xp 5%aq Y, B1 250 66 Xgq 5 X1 0 Z,,
A2 100 61 XAz, 2-XA21 . Y. B2 150 58 XBz, 2-XBZ’ N Z,
A3 300 53 Xas, 2 XKas n Yo B3 100 39 Xas, 2 Xes.n Z,
A4 50 29 Xoa 2 Xna n Y., B4 200 28 Xas 2 Xaa Z,
A5 200 26 Xas, X5 n Yo B5 100 18 Xas, X, n Z,
File C (Matched file)
X-variables
Match Other
set  X-variables
Unitk Matched unitsi,j Sample weight Age X, ,-X, Y-variable  Z-variable

C1 A1, B1 150 64 Xat 2Kt n Y, Z,

Cc2 A2, B1 100 61 Xz oXno Y., Z,

C3 A3, B2 150 53 Xas, 2 XKasn Y Z,

C4 A3, B3 100 53 X o Xnz Yo Zg,

C5 A3, B4 50 53 Xas, 2 Kasn Y Z,

Ccé6 A4, B4 50 29 X 2Xna Y., Z,

Cc7 A5, B4 100 26 Xas, 5 XKas n Y. Z,

C8 A5, B5 100 26 Xas, o Xns n Yo Z,

Figure 3. lllustration of a constrained match of File A (Host file) and File B (Donor file) to produce a statistically matched file, File C

(sometimes considerably larger)
than the number in the Host file,
which may be undesirable in some
applications. Recently, Liu and
Kovacevic have developed a
complicated constrained matching
procedure that utilizes an auxiliary
data file and produces a matched
file with a minimally inflated size
(59,60,62).

Figure 3 illustrates the constrained
matching process. In this
hypothetical example, there are five
units in the Host file (File A), five
units in the Donor file (File B), and
eight units in the resulting
statistically matched file (File C).
One X-variable from the set of
common variables, age, is used to

link units from File A with units
from File B. Note that the sum of
the sample weights for File A is
identical to that for File B, so the
weights do not have to be adjusted
prior to matching. Prior to
matching, both files are sorted on
age, and from this point on, it is the
rank order of the units and their
sample weights that determine
which File A and File B units are
matched (70). The first unit in File
C (C1) is obtained by matching the
File A unit with a rank of 1, Al,
with the File B unit with a rank of
I, B1. As Al has a weight of 150
and B1 has a weight of 250, all of
Al, but not all of B, is “used up”
in this match. To make the first

match, B1 must be split into two
records, one with a weight of 150
(to match the sample weight of Al)
and one with a weight of 100. The
second unit in the matched file, C2,
is obtained by matching the File A
unit with a rank of 2 with the
remaining portion of B1. As A2 and
the remaining portion of B1 both
have a sample weight of 100, they
are both used up in this match. The
next match is between the next
available File A unit, A3, and the
next available File B unit, B2. In
this match, B2, which has a sample
weight of 150, is used up; but A3,
which has a weight of 300, is not
used up. Thus, the fourth match is
between the remaining portion of



A3, which has a sample weight of
150 and the next available File B
unit, B3, which has a sample
weight of 100. Again the File B
unit is used up, but A3 is not, a
portion of A3 with a sample weight
of 50 remains. Thus, the fifth match
is between the remaining portion of
A3 and the next available File B
unit, B4. A3 is finally used up in
this match, but B4 is not. Matching
continues until all of the records in
both files have been used up; this
will always happen because the sum
of the sample weights in the two
files is identical. As the example
illustrates, to accomplish the match,
units on both the Host and Donor
files must be split, with the result
that the statistically matched file
contains more units than the Host
and Donor files do.

Unconstrained matching has been
the more popular method because it is
intuitive, relatively simple to implement,
cost-effective, easy to replicate and
update, and it makes fewer demands on
system resources. However, a number of
practitioners favor constrained matching
because the risk of a poor match is
lower with constrained matching and
they believe that this outweighs the
higher cost (39,41,48). With the advent
of more powerful computers, cheaper
memory, and faster numerical
algorithms, the cost considerations have
largely disappeared and constrained
matching is used more often than it used
to be.

Choosing a “Close” Match

Regardless of whether an
unconstrained or a constrained matching
procedure is used, every Host record
must be matched with a Donor record.
The goal is to match each Host record
with the Donor record that is similar to
or in some sense ‘“‘close” to it. The
closeness of a pair of records is
measured using one or more of the
X-variables (those variables common to
both files). The set of X-variables used
to determine closeness has important
consequences for the integrity of the
matched data file (36,39,48,49,56). For
example, it is recommended that more

than one of the X-variables be used to
match the Host and Donor records.
Typically, some of the X-variables
selected are demographic variables.
Additionally, to help preserve the joint
distributions of the Z-variables, some of
the X-variables used for matching
should be highly correlated with both
the Y-variables and the Z-variables that
will be involved in analyses performed
using the matched file.

Partitioning

One technique used to achieve a
close match is partitioning. Partitioning,
or blocking, involves dividing the
records in both the Host and Donor files
into mutually exclusive subgroups
(cells) and permitting matches only
between corresponding subgroups (i.e.,
only permitting a match between a Host
and Donor record if their values for the
X-variables used to define the subgroups
place them in the same subgroup).
Partitioning is used when matches
between certain types of records should
be avoided because the characteristics of
the individuals are sufficiently
dissimilar. For example, in the present
context where the Z-variables include
measures of health status and health
care utilization, it would probably be
unwise to allow a match between a man
and a woman. Partitioning has the effect
of narrowing the distance between
records and allows for a “tighter” fit
across the two data sets. However, when
some of the cells in a partition must be
merged because they are empty or have
too few records (on either the Host or
Donor files), poor matches may result.
The variables used to define the
partition should be variables deemed to
be critical to the integrity of the match.
Not only is the selection of the blocking
variables important in partitioning, the
order in which the variables are used in
the partitioning scheme and the extent
of the partitioning is also important. If
cell sizes are too small, the sampling
properties can be adversely affected.
Higher minimum cell sizes should be
used if the predictive power of the
blocking variables is low, or if serious
misalignment of the two files exists
(two files are said to be misaligned
when the weighted cell size of a

Series 2, No. 144 [0 Page 7

partition cell on the Host file differs
substantially from the weighted cell size
of the corresponding cell on the Donor
file). Large cell sizes increase the
amount of computer time required and
usually mean that the opportunity for
deeper partitioning has not been
realized.

Distance Measures

Most statistical matches use a
distance metric, such as the Mahalanobis
or Euclidean distance functions, to
assess how “close” two records are. A
subset of the X-variables (those
variables common to both the Host and
Donor files) must be selected for
inclusion in the distance metric
(10,17,38,39,41,46,49,54,67). Typically,
when more than one X-variable is
involved in the distance metric, weights
are assigned to the X-variables. These
weights are determined subjectively or
through modeling (e.g., regression
models). With unconstrained matching,
each Host record is matched to the
record in the Donor file that is its
“nearest neighbor” as measured by the
metric. With constrained matching, each
Host and each Donor record are
assigned ranks based on the distance
metric. The pairing of Host and Donor
records is guided by their ranks and by
their sample weights because the
weights attached to each record must be
“used up.” Consequently, a Host record
may not be matched to the Donor record
that is its “‘nearest neighbor™ (based on
the values of the distance metric or
X-variables) because that Donor record
may already be matched to another Host
record.

Predictive Mean Matching

Another method used to match the
most similar records is predictive
mean matching. This term was coined
by Little and usually refers to an
imputation procedure for partially
missing data within one survey data
file (71). With predictive mean
matching, a variable that is available
on either the Host or Donor file (but
not both) is identified for use as the
dependent variable. Usually, the
variable selected to be the dependent
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variable is an important variable on
the Donor file and is expected to be
either an important variable in
subsequent analyses of the matched
file or highly correlated with variables
that will be used in subsequent
analyses. A regression is carried out
using the selected dependent variable
and a subset of the variables common
to both files (the X-variables) as
independent variables. Predicted
values of the dependent variable are
calculated for both the Host and
Donor files using the regression
coefficients and each file’s respective
X-variable values. Records from the
Donor file are matched to records
from the Host file using the predicted
values. With unconstrained matching
each Host record typically is matched
to the Donor record with the most
similar predicted value. With
constrained matching, the Host and
Donor files are sorted by the predicted
variable, after which rank and sample
weight drives the matching process as
illustrated in Figure 3. Presumably,
records with similar predicted values
will have similar ranks and be
matched, but it is likely that some
Host records will not be matched to
the Donor record with the closest
predicted value. While the X-variables
in the predictive mean matching
regression can be thought of as
playing the same sort of role as the
variables in a classic distance metric,
predictive mean matching differs from
the distance metric approach because
it involves Y or Z-variables as well as
X-variables. Predictive mean matching
is considered by some to have
performed well in practice (65).

Conditional Independence
Assumption

In traditional statistical matching
procedures, information on the
Y-variables is completely ignored and
all of the information about the
Z-variables (the variables that are
being brought over to the matched file
from the Donor file) is communicated
via the X-variables (the variables
common to both File A and File B).
As a result, an implicit assumption of

these procedures is that the Y- and
Z-variables are independent (or
uncorrelated if normality is assumed)
conditional on the X-variables. In
other words, the relationships of the
Y- and Z-variables can be completely
inferred from the relationships of the
Y- and X-variables and the Z- and
X-variables:

P(Y.ZIX) = P(YIX) P(ZIX).

This assumption is referred to as the
conditional independence assumption
(CIA). As has been extensively
discussed in the literature, if the CIA
does not hold, then estimates of (and
inferences about) the Y-Z distributions
(in the matched files) will be biased to a
greater or lesser extent, which may lead
to erroneous conclusions (13,14,19,
23,25,28,29,31,36,37,39,41,46, 49,50,52,
54,56,57,63). The extent to which the
CIA is violated cannot be tested, nor can
the resulting bias be estimated, because
neither File A nor File B contains any
information about the joint distributions
of the Y- and Z-variables. This leads to
uncertainty about inferences based on
the matched file. Simulations and
empirical studies have shown that bias
resulting from violations of the CIA
can be a problem (23,39,41,46,49,52,
54,56).

Use of Auxiliary
Information, Multiple
Imputation, and
Alternatives to the CIA

Paass suggested that auxiliary
information about the Y-Z relationships
be used in statistical matching as an
alternative to reliance on the
CIA (48,49). This approach requires a
third data file, File AUX, with
information on either (X,Y,Z) or (Y,Z).
The basic idea is to add Z values to
records on File A using information
obtained from File A, File B, and File
AUX on the joint distributions of the
X-, Y-, and Z-variables. The auxiliary
information can come from outdated
data files, other samples, frequency
tables, or regression equations. Paass
described and developed a number of
parametric and nonparametric
approaches for the use of auxiliary

information. Singh et al. proposed
nonparametric and parametric methods,
based on a log linear imputation method
that extended Paass’s work and work by
Rubin (53,57). The methods involve
using auxiliary information to impose
categorical constraints on the matched
file. Liu and Kovacevic extended these
methods (59,60,62). Unfortunately,
while empirical studies indicate that use
of auxiliary information can improve the
quality of a matched file, auxiliary data
files with sufficient information on both
the Y and Z variables generally are not
available (5).

Another group of statistical
matching procedures that have been
developed to address the CIA problem
are those involving the creation of
multiple files corresponding to various
assumptions about the unknowable Y,Z
correlation. Kadane proposed assessing
the potential impact of violations of
the CIA on a statistically matched file
by constructing numerous matched
files using different estimates of the
covariance matrix of the Y- and
Z-variables so that the sensitivity of
the results to nonzero values of the
covariance of Y and Z can be explored
(27,28,31). Rubin proposed a method
he called ‘“‘file concatenation with
adjusted weights and multiple
imputation” that involves conca-
tenating File A and File B and then
multiply imputing the missing values
of Z-variables for records from File A
and the missing values of Y-variables
for records from File B. Rubin
proposed that multiple matched files
be obtained under the same model
assumptions (e.g., that the partial
association of the Y- and Z-variables
is zero) to directly assess uncertainty
due to sampling and also under
different modeling assumptions
(e.g., nonzero values for the partial
association of the Y- and Z-variables)
to directly assess sensitivity of the
matched files to violations of the CIA
(37,50). Moriarity and Scheuren have
extended the work of Kadane and
Rubin (66,68,69). Kamakura and
Wedel also have extended Rubin’s
work; their mixture model approach
was developed for use with categorical
variables (61).



Criticisms of Statistical
Matching

Criticisms of statistical matching in
general and of particular statistical
matching procedures have been
expressed by many (9,12,13,14,16-19,
24-27,29,31,36,37,39,41,46,48-50,52,
54,56,57,63,65,67). The primary
criticism of most statistical matching
methods is that their validity relies on
the CIA, which is considered to be an
unrealistic and untestable assumption
(13,19,28,29,36,39,41,46,49,52,57,
63,65). Most of the improvements made
to statistical matching procedures over
the years have not addressed the CIA
limitation; the CIA remains a strong
implicit assumption of the procedures,
with violations of it resulting in biased
estimates. Only when information on the
Y-Z relationships is available from an
auxiliary data source can direct checks
on estimates of the relationships among
the Y- and Z-variables be made, and
information about those relationships
incorporated in the match. Statistical
matching procedures that explore
alternative assumptions to the CIA,
although not providing direct measures
of the accuracy of estimates of the Y-Z
relationships, do provide an assessment
of the sensitivity of those estimates to
violations of the CIA. Simulations and
empirical studies have shown that
estimates of the relationships among Y-
and Z-variables can be poor, and thus,
inferences based on a statistically
matched file can be risky (23,39,41,46,
49,52,54,56). Some of the weaknesses
found by the validation results described
later in this report are quite predictable
given the literature on this topic.

A recurring criticism of statistical
matching is that often the standard
errors used to make inferences are not
valid. There is a tendency to treat
statistically matched files as though the
set of variables on each record (the X-,
Y-, and Z-variables) were collected from
the same entity. However, this practice
is incorrect because it is highly unlikely
that an entity on File A is also on File B
and thus, the matching procedure can
never create a file that has the true
Z-variable values for the File A records.
Standard errors computed as though the

matched file has always been a
complete data set do not include
uncertainty due to sampling variation
and to matching and so are under-
estimated. Some of the uncertainty that
must be incorporated in the standard
errors for a matched file arises from
variability in the population that is not
captured in the matched file.
Specifically, for a given set of values for
the X-variables used for matching,
multiple sets of values for the nonmatch
variables (the other X-variables and the
Y- and Z-variables) can be found in the
population from which File A and File
B were sampled. The File A entity with
the given set of values for the
X-variables used for matching is
matched to only one File B record (in
an unconstrained match, and possibly
more than one in a constrained match),
so the variability that exists in the
population is not captured in the
matched file. Error also is introduced
into the matched file when a File B
record matched to a File A record has
different values for the X-variables used
for matching than the File A record, and
this error should be included in the
standard error. Note that this particular
type of error is not uniform across

the matched file; it tends to be larger

in sparse regions of X-variable
distributions. One approach to obtain
valid standard errors is to use one of the
matching procedures that incorporate
alternative assumptions to the CIA.

Another criticism of statistical
matching is the heuristic nature of most
statistical matching procedures. Many
subjective decisions must be made
throughout the matching process, some
of which critically affect the quality of
the matched file. For example, variables
must be selected from the set of
X-variables for use in any partitioning
scheme and categories must be specified
for each one; a distance metric or a
model must be selected for use in the
matching of the Host and Donor records
and the variables to be included in the
metric or model must be selected.

The theoretical framework on which
statistical matching procedures are based
is relatively undeveloped. The implicit
and explicit assumptions of a given
procedure are not always clearly
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identified and may make it difficult to
evaluate the properties of the procedure.
As a result, there is no consensus about
which statistical matching procedures
are best. There are no tests that can be
used to determine whether two data files
can be successfully matched, or to
assess a matched file to determine
whether it is statistically equivalent to a
sample of (X,Y,Z) randomly drawn from
the population of interest. Additionally,
there is no way to em